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Lightning is a key component of convective systems and an indicator of storm intensity 

and atmospheric instability. This study applies a machine learning (ML) framework to investigate 

the environmental and cloud macro-physical and micro-physical factors controlling lightning 

activity across two climatically distinct regions: the U.S. Southern Great Plains (SGP) and the 

Southeastern South America (SESA). By integrating ground-based, satellite, and reanalysis 

datasets, it aims to quantify lightning predictability and the underlying physical processes driving 

it. 



	 	

Over the SGP, continuous Atmospheric Radiation Measurement (ARM) observations 

allow high-resolution analysis of convective cloud structure. The random forest (RF) model 

identifies cloud thickness, rain rate, and convective available potential energy (CAPE) as dominant 

predictors of lightning occurrence, confirming the roles of thermodynamic instability and cloud 

vertical development. A positive relationship between CAPE and the intra-cloud (IC) flash fraction 

suggests that stronger updrafts elevate charge centers and favor IC discharges. 

Extending the same framework to the SESA, the RF model achieves high overall accuracy 

but reduced Recall, or true positive rate (TPR), for intense lightning events, highlighting 

challenges posed by class imbalance and environmental diversity. Rain rate and CAPE remain the 

leading predictors. These findings are broadly consistent with those from the Amazon Basin (Allen 

et al., 2024), where aerosol and microphysical effects on lightning were also found to depend 

strongly on the thermodynamic background. In particular, enhancements in cloud depth, IWC, and 

lightning activity under polluted conditions were most pronounced at low-to-moderate CAPE 

levels, but diminished once strong convection was already established. This suggests that certain 

environmental or aerosol-related influences become evident only under specific CAPE regimes, a 

behavior similarly reflected in the SESA results. Analyses of CloudSat observations reveal that 

higher CAPE corresponds to greater ice water content (IWC) and higher cloud-top and centroid 

altitudes, supporting a link between instability, glaciation depth, and lightning frequency. The 

positive relationship between CAPE and the IC flash fraction, first identified over the SGP, is 

further validated in the SESA, where both IC fraction and IC height increase with CAPE but 

plateau at high instability. 



	 	

Collectively, these results demonstrate that combining ML with vertically resolved satellite 

observations provides a powerful framework for understanding and predicting lightning variability 

across regions and advancing its representation in weather and climate models. 
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Chapter 1 Introduction 

 

1.1 Background 

 

 Lightning is a common atmospheric phenomenon in convective systems, particularly 

during the warm season when abundant moisture and buoyant instability favor thunderstorm 

development (Doswell III et al., 1996). Its frequency is governed by a combination of 

meteorological and cloud macro-physical and micro-physical factors, including convective 

available potential energy (CAPE), wind shear, rain rate, cloud geometric thickness, and ice crystal 

diameter (Sherwood et al., 2006; Lal et al., 2014) and droplet size (Orville et al., 2001). 

 CAPE plays a crucial role in regulating lightning activity (Williams et al., 2002; Pawar et 

al., 2012; Romps et al., 2014, 2018), as it represents the potential energy available for updraft 

acceleration and thus influences both the intensity and vertical extent of convection. Its value for 

a given region is most often calculated from a thermodynamic or sounding diagram using air 

temperature and dew point data. The magnitude and vertical distribution of CAPE affect the 

updraft velocity and the vertical distribution of the cloud water path, which in turn governs charge 

separation and lightning generation within deep convective clouds (Williams, 2017). A threshold 

of CAPE of approximately 1000 J·kg-1 was identified to denote the occurrence of lightning. 

Alongside CAPE, rainfall rate serves as an indicator of the strength of cloud development, 

microphysical processes and condensate availability, both essential for electrification.  

In deep convective systems, rainfall and lightning are closely linked through mixed-phase 

cloud processes involving supercooled water, ice, and graupel. A thick or heavily glaciated layer 

aloft is essential for producing frequent lightning activity (Williams et al., 1989). The relationship 
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between rainfall and lightning has long been recognized, with early studies introducing the concept 

of “rain yield”, defined as the ratio of area-averaged rainfall to lightning flash count (Petersen and 

Rutledge, 1998). Subsequent analyses have revealed consistently strong positive correlations 

between precipitation and lightning, with correlation coefficients ranging from 0.81 to 0.98 in 

some regions such as the central and eastern Mediterranean during winter (Price and Federmesser, 

2006), despite rain yields varying by an order of magnitude or more across different convective 

systems. 

The influence of cloud thickness on lightning is complicated, as the warm and cold portions 

of a convective cloud contribute differently to the electrification process. The mixed-phase region, 

which contains ice crystals and graupel, is particularly important for charge separation (Takahashi, 

1978). The warm-cloud depth, which is defined as the vertical distance between the lifting 

condensation level (LCL) and the freezing level, controls droplet growth through collision and 

coalescence processes. The cold-cloud depth, which extends from the freezing level to the storm 

top, determines the extent of the glaciated region. A greater warm-cloud depth enhances warm-

rain formation and lowers the level at which precipitation develops, which reduces the number of 

droplets transported into the mixed-phase zone where charge generation occurs (Carey and Buffalo, 

2007). In contrast, deeper cold-cloud layers increase lightning activity because they enlarge the 

ice-rich region aloft. Previous studies showed that the lightning flash rate is approximately 

proportional to the fifth power of both cloud-top height (Price and Rind, 1992) and cold-cloud 

depth (Yoshida et al., 2009), which highlights the strong dependence of electrification on the 

vertical development of cloud. More recent work further demonstrated that a second-order power-

law fit between radar echo-top height above the 0°C level and lightning activity can successfully 
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represent regional and land-ocean variations in lightning occurrence and flash rate using a single 

parameter set (Futyan and Del Genio, 2007). 

Wind shear plays a complex and sometimes competing role in the development and 

electrification of convective systems. The influence of shear depends on both its magnitude and 

vertical distribution, which determine whether convection becomes more organized or suppressed. 

Richardson et al. (2007) found that strong shear can weaken the vertical development of isolated 

supercells, limiting the growth of deep convection. Chen et al. (2015) showed that increasing wind 

shear in the lower troposphere tends to organize convection into quasi-linear systems, which are 

often longer-lived and more horizontally extensive. In contrast, enhanced shear at upper levels 

tends to weaken convective intensity while leaving the overall structure largely unchanged. 

Observations further indicate that atmospheric boundary layer stability is closely related to surface 

wind speed, which varies from stable conditions at less than 2 m·s-1 to unstable conditions above 

4 m·s-1 (Patil et al., 2016). Bang and Zipser (2016) reported that the magnitude of low-level shear 

alone is a poor predictor of lightning occurrence, although Stolz et al. (2017) found a weak positive 

association between total lightning density and increasing wind shear across multiple regions. 

Additionally, lightning frequency decreases as surface pressure increases, which is likely due to 

reduced ice cloud formation and weaker convective activity (Sergeev et al., 2025). 

The contrast in lightning activity between land and ocean environments is well established 

and is generally attributed to differences in thermodynamic and microphysical conditions. Over 

land, lightning occurs more frequently than over the ocean, largely because higher surface Bowen 

ratios enhance boundary layer buoyancy and promote a more efficient conversion of CAPE into 

updraft energy in moist convection (Williams and Stanfill, 2002). Analyses of lightning 

observations over coastal Florida further revealed that oceanic flashes often exhibit higher first-
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stroke peak currents than those over land, supporting earlier findings from regional lightning 

detection networks (Nag and Cummins, 2017). 

 Both natural and anthropogenic aerosols influence lightning activity through their impacts 

on cloud microphysics and convective intensity (Westcott, 1995; Altaratz et al., 2010; Wang et al., 

2011; Li et al., 2019; Zhao et al., 2020; Sun et al., 2021). Volcanic eruptions in aerosol-limited 

regions have been shown to modulate lightning frequency across multiple timescales (Yuan et al., 

2011), while smoke produced during the Amazon dry season enhances cloud condensation nuclei 

(CCN) concentrations, which invigorate convection and electrical activity in an otherwise clean 

environment (Altaratz et al., 2010). Satellite observations also show that storms developing in high 

aerosol conditions tend to be deeper and more electrified, exhibiting higher flash rates even after 

controlling for thermodynamic factors (Allen et al., 2024). 

Spatial and temporal analyses further support the link between aerosols and lightning. 

Enhanced lightning activity has been detected over two of the world’s busiest shipping lanes in 

the Indian Ocean and the South China Sea, which cannot be explained by meteorological 

variability and is therefore attributed to aerosol particles emitted from ship exhaust (Thornton et 

al., 2017). Aerosol type also plays an important role in determining the strength and direction of 

this effect. Wang et al. (2018) reported higher flash rates in moist central Africa compared to the 

drier north, highlighting the combined influence of humidity and aerosol composition. In both 

regions, lightning frequency varies with aerosol optical depth (AOD) in a nonlinear “boomerang” 

pattern: increasing with AOD up to about 0.3 and then declining for dust-dominated environments 

or leveling off for smoke-dominated cases. 

Temporal variations in lightning activity also reflect the influence of anthropogenic 

aerosols. Over the southeastern United States, lightning and precipitation both exhibit a distinct 
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weekly cycle, peaking midweek and reaching a minimum on weekends (Bell et al., 2008, 2009). 

This pattern is consistent with higher weekday aerosol concentrations, which inhibit early rainout 

and allow more condensate to ascend above the freezing level, enhancing latent heat release and 

storm intensity. Similar weekly cycles have been observed in China, where the phase of lightning 

activity depends on aerosol type and loading (Yang et al., 2016). In eastern China, lightning peaks 

when hygroscopic sulfate and nitrate aerosols are most abundant, which invigorates convection, 

whereas in west-central China, high soot concentrations suppress storm development and lightning 

formation. 

Numerous parameterizations have been proposed to predict lightning occurrence or flash 

rate based on convective properties. For example, analyses of collocated cloud-top brightness 

temperature and cloud-to-ground (CG) stroke densities over the continental United States have 

shown that lightning frequency increases nonlinearly with cloud depth, highlighting the strong link 

between storm vertical extent and electrification (Molinie and Jacobson, 2004). In many global 

chemistry and climate models, lightning flash rates used to compute lightning-produced oxides of 

nitrogen (NOx) are parameterized as a function of convective cloud-top height following Price and 

Rind (1992), although the oceanic formulation tends to underestimate flash rates.	In addition, the 

calibration factor applied in this scheme has been shown to be insufficient in reconciling the 

resolution dependency at typical model grid spacing, leading to systematic biases when applied 

across different spatial resolutions (Wong et al., 2013). Other schemes use convective precipitation 

rate, upward convective mass flux, or multi-parameter formulations that combine thermodynamic 

and microphysical predictors to better represent lightning variability in deep convection. Analytic 

calculations by Blyth et al. (2001) and Latham et al. (2004) further suggested that lightning rate is 
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roughly proportional to the product of the downward flux of solid precipitation (graupel) and the 

upward mass flux of ice crystals, providing a physical basis for these multi-parameter relationships. 

Lightning flashes are generally classified into two types: CG and intra-cloud (IC) 

discharges. Numerous studies have sought to predict these flash types by considering the complex 

interactions among thermodynamic, dynamic, and microphysical processes. Using observational 

data, Romps et al. (2014) demonstrated that the product of CAPE and precipitation is strongly 

correlated with CG lightning activity, explaining up to 77% of its temporal variance across the 

contiguous United States. Building on this relationship, Tippett and Koshak (2018) employed the 

CAPE-precipitation product as a proxy for operational CG lightning prediction and threat 

forecasting. Beyond empirical approaches, numerical models have also been developed to simulate 

both CG and IC flashes. For example, Lynn et al. (2012) introduced a prognostic variable known 

as potential electrical energy into the Weather Research and Forecasting (WRF) model, which 

accounts for the effects of microphysical processes and vertical motion, allowing for the separate 

prediction of CG and IC lightning in convection-permitting simulations. More recent simulations 

incorporating aerosol effects have shown that increasing CCN concentrations can enhance both IC 

and CG lightning activity and increase the proportion of positive CG flashes. The strengthened 

charge separation and formation of an inverted-polarity structure under polluted conditions are 

linked to larger graupel sizes and greater supercooled water content (Sun et al., 2024). Depending 

on the application, lightning forecasting may therefore rely on simplified proxies focused on CG 

activity or on more detailed model-based approaches that explicitly distinguish between flash types 

within total lightning predictions. 

 Despite decades of research, predicting lightning remains a major challenge because 

lightning generation is inherently stochastic and depends on complex interactions among 



7 
	

thermodynamic, dynamic, and microphysical processes. In recent years, machine learning (ML) 

techniques have emerged as powerful tools for predicting or nowcasting lightning occurrence, 

showing promising skill across a variety of environments. For example, Mostajabi et al. (2019) 

developed a model using four commonly available surface weather variables: air pressure, 

temperature, relative humidity, and wind speed, which demonstrated considerable predictive 

capability for lightning occurrence and provided warnings with lead times of up to 30 minutes. 

The importance of these variables aligns with the established physical understanding of near-

surface processes that drive convective storms. 

The growing application of ML-based lightning prediction is also motivated by the severe 

impacts of CG lightning, which can damage infrastructure, cause fatalities, and ignite wildfires 

(Cooper and Holle, 2019). Recent advances have expanded beyond occurrence prediction to 

include classification and risk forecasting. For instance, La Fata et al. (2021) applied ML to 

nowcast the spatial distribution of CG flashes, while He and Loboda (2020) used ML algorithms 

trained on WRF simulations to predict CG lightning over the Alaskan tundra. Other studies have 

used ML for lightning-type classification, successfully distinguishing CG from IC discharges (Zhu 

et al., 2021), or for predicting lightning-induced wildfires by combining lightning forecasts with 

environmental data (Coughlan et al., 2021). More recently, convolutional neural network models 

have shown strong performance in predicting CG lightning occurrence across the western United 

States using large-scale meteorological inputs, providing insight into the thermodynamic factors 

controlling lightning activity and contributing to wildfire risk assessments (Kalashnikov et al., 

2024). 
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1.2 Gaps in the Existing Works 

 

Despite substantial progress in understanding the environmental controls of lightning, 

several important gaps remain in both observational characterization and predictive modeling. 

Previous studies have mainly focused on regional or empirical relationships between lightning 

frequency and a limited set of environmental parameters such as CAPE and precipitation. While 

these metrics capture general thermodynamic favorability, they fail to represent the complex and 

nonlinear interactions among thermodynamic, dynamic, microphysical, and aerosol factors that 

jointly determine lightning variability. Existing flash rate parameterization schemes developed for 

numerical models further illustrate these limitations. Many of them are based on empirical 

correlations between lightning activity and storm properties such as updraft velocity, updraft 

volume, cloud-top height, ice water path (IWP), and ice mass flux (Barthe et al., 2010; Cummings 

et al., 2024). Although these schemes can reproduce certain lightning trends, their performance 

varies widely across different storm types and environments. Moreover, most electrification 

parameterizations simplify charge separation processes, typically through non-inductive collisions 

among ice, snow, and graupel particles, and do not explicitly simulate the feedback between 

microphysics, charge transport, and lightning propagation (Barthe et al., 2005). As a result, 

existing empirical proxies such as the product of CAPE and precipitation (Romps et al., 2014) and 

parameterization schemes remain highly case-dependent and cannot fully explain cross-regional 

differences or temporal variability in lightning occurrence. 

Another key limitation lies in the lack of vertically resolved observations that link large-

scale instability to cloud microphysical development. Most previous studies cannot directly 

describe the vertical distribution of ice-phase hydrometeors that are central to charge separation. 
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The availability of satellite observations, such as CloudSat, provides an opportunity to examine 

the vertical structure of clouds and ice water content (IWC) in conjunction with lightning 

measurements. However, few studies have systematically incorporated these datasets into 

statistical or ML frameworks, leaving the physical connection between instability, microphysics, 

and lightning poorly quantified. 

Aerosol effects on lightning are known to be nonlinear and environment-dependent, yet 

most previous analyses have relied on column-mean AOD without distinguishing land-ocean 

contrasts. These limitations hinder a robust assessment of how microphysical perturbations 

influence electrification processes under varying environmental backgrounds. 

Finally, while ML-based lightning prediction has gained popularity, most applications rely 

on two-dimensional meteorological fields or single-region case studies, limiting their physical 

interpretability and generalizability. Few have explicitly compared model performance across 

distinct climatic and aerosol environments or examined how predictor importance changes 

regionally. There is also limited understanding of how ML-derived features correspond to 

physically meaningful processes such as storm organization, glaciation depth, or IC-CG 

partitioning. 

 

1.3 Objective 

 

 The overarching goal of this study is to improve the physical understanding and predictive 

capability of lightning activity by integrating multi-source observations with a consistent ML 

framework, with the aim of enabling its generalization to other regions and time periods worldwide. 

Specifically, this study applies the same model design to two climatically distinct regions: the U.S. 
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Southern Great Plains (SGP) and the Southeastern South America (SESA), to identify and compare 

the dominant environmental predictors of lightning occurrence and intensity. 

 This research is designed to address the following key questions: 

• Which factors control lightning occurrence and intensity across distinct climatic 

regimes, and how does their relative importance vary? 

• How does aerosol loading and surface type influence lightning variability and 

predictability? 

• Among the selected predictors, which variables influence lightning characteristics such 

as polarity or flash type, and how can these effects be verified through observations? 

By combining multiple sources of datasets, the analysis quantifies how thermodynamic, 

dynamic, and surface factors jointly regulate lightning variability under different environmental 

conditions. In addition, CloudSat radar observations are used to investigate the vertical 

microphysical structure of clouds during intense convection, focusing on how the vertical 

distribution of IWC and cloud-top properties relate to convective instability and storm 

electrification. The study also examines how aerosol loading and surface type influence lightning 

occurrence by comparing clean and polluted conditions and contrasting land and ocean regions. 

Together, these efforts aim to bridge data-driven modeling with physical interpretation, enhancing 

both the mechanistic understanding of lightning-producing convection and the generalizability of 

lightning prediction models across diverse meteorological regimes. 

 

1.4 Structure 
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Chapter 1 provides an overall introduction to the background, motivation, and existing 

research gaps, followed by the main objectives of this study. 

Chapters 2 and 3 describe the datasets and ML methodologies employed in this study, 

respectively. 

Chapter 4 investigates lightning occurrence over the U.S. SGP using multi-source datasets 

and a ML-based framework. Chapter 5 extends the analysis in the SESA, evaluating lightning 

predictability using ML combined with CloudSat vertical profiles.  

Chapter 6 provides a comparative discussion between the SGP and the SESA regions, 

highlighting both the similarities and differences in the environmental controls of lightning activity, 

and includes comparisons with the results of a study of the Amazon Basin by Allen et al. (2024). 

Finally, Chapter 7 summarizes the limitations of the current work and outlines future 

perspectives, including potential extensions of this research framework to other regions and 

datasets.  
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Chapter 2 Data 

 

This study integrates multi-source datasets within a unified ML framework to investigate 

the environmental and microphysical conditions associated with lightning activity across two 

representative regions: the U.S. SGP (36-37° N, 97-98° W) and the SESA (20-40° S, 40-60° W). 

The two regions differ in climate, aerosol environment, and convective characteristics, allowing 

for a cross-regional assessment of lightning predictability under diverse conditions. 

 

2.1 Lightning Data 

 

 The Earth Networks Total Lightning Network (ENTLN) is a global lightning detection 

system comprising over 1,800 sensors deployed across more than 100 countries. It detects 

broadband (1 Hz-12 MHz) electric field signals emitted by both IC and CG flashes, providing 

precise timing, geolocation, and peak current for each detected event (Zhu et al., 2022). The 

network also distinguishes between IC and CG flashes and estimates the source altitude of IC 

discharges. According to the evaluation conducted in Florida in the U.S. (Zhu et al., 2017), ENTLN 

demonstrated a flash detection efficiency of about 99% and a classification accuracy exceeding 

90%, confirming its high reliability for both CG and IC lightning detection. Typically, signal 

timing data from at least five sensors are required to determine the latitude, longitude, height, and 

occurrence time of a lightning source, with uncertainty decreasing as the number of contributing 

sensors increases (Heckman, 2014). 

In this study, ENTLN lightning observations are analyzed over two regions with dense 

sensor coverage, as indicated by the network distribution shown in publicly available online 
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reports from Earth Networks, 2012. For the U.S. SGP, hourly lightning records during the summer 

months (June-September) from 2012 to 2020 are used, aggregated within a 1° × 1° grid box (36-

37° N, 97-98° W) encompassing the Atmospheric Radiation Measurement (ARM) SGP site. For 

the SESA, hourly lightning records during the austral summer months (December-February) from 

December 2012 to February 2021 are used, aggregated over 400 grid cells (1° × 1°) spanning 20-

40° S and 40-60° W. 

The detection efficiency of ENTLN is not provided with the data set. However, recent 

analyses show that it is high over regions with relatively dense sensors. In this study, a detection 

efficiency of 100% is assumed for all flashes, following previous evaluations that demonstrated 

high network performance over the continental United States (Zhu et al., 2017; Sonnenfeld et al., 

2021). Although this assumption is optimistic, it has been used by others and provides a reasonable 

approximation for regions with plentiful detectors (Allen et al., 2021). Over the SESA domain, 

flashes are detected by sensors located on land, and the detection efficiency naturally decreases 

with increasing distance from the coastline, with only the most energetic flashes being detected 

several hundred kilometers offshore. Nevertheless, since this study primarily examines the relative 

relationships between lightning and environmental variables rather than absolute flash frequencies, 

such differences are not expected to substantially affect the main conclusions. 

 

2.2 ARM SGP Observations 

 

 Multiple datasets were collected from the U.S. Department of Energy ARM program’s 

SGP site, located at 36.6° N, 97.5° W. The SGP atmospheric observatory, the first field site 

established by the ARM user facility, is one of the most comprehensive long-term climate research 
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facilities in the world. Variables including convective cloud thickness, rain rate, and the vertical 

extent of radar reflectivity greater than 10 dBz were obtained or derived from several ARM SGP 

data products and are considered representative of the 1° × 1° analysis region. Cloud-top height, 

cloud-base height, and cloud type were obtained from the CLDTYPE dataset with a temporal 

resolution of 1 min. Following Flynn et al. (2017), deep convective clouds were defined as those 

with a cloud base below 3.5 km and a cloud top above 6.5 km. The hourly mean cloud thickness 

was calculated by averaging all 1-min thickness values during hours when convective clouds were 

present. 

Rain rate data, with a 1-min temporal resolution, were obtained from the VDIS (Video 

Disdrometer) product (Bartholomew, 2016) and summed to hourly totals. The 

ARSCLKAZR1KOLLIAS dataset provides zenith-pointing Ka-band (35 GHz) radar reflectivity 

profiles every 4 s with a vertical resolution of 30 m. Based on Seo and Liu (2005), IWC near the 

SGP site is approximately proportional to the 0.79th power of radar reflectivity. A threshold of 10 

dBz was applied, corresponding to roughly 0.5 g m⁻³ of IWC. Only reflectivity measurements 

above 3 km were used, since lower altitudes during summer are too warm to sustain ice. The hourly 

mean extent and centroid of reflectivity greater than 10 dBz were recorded as “radar reflectivity > 

10 dBz extent” and “radar reflectivity > 10 dBz centroid”, respectively, both representing the depth 

and height of the mixed-phase cloud region. 

Fifty-four environmental variables (Jensen et al., 1998) were measured every minute and 

stored in the INTERPOLATEDSONDE product. Among them, profiles of pressure, temperature, 

and dew point were used to derive key thermodynamic variables. Hourly CAPE was computed as 

the average from the 15th-minute and 45th-minute profiles of each hour to reduce computational 

cost. CCN concentrations were obtained from the AOSCCN1COL and AOSCCN2COLAAVG 
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datasets, which provide measurements every minute across supersaturation levels of 0.1%-1.2%. 

Since typical maximum supersaturation in cumulus clouds is below 0.5% (Politovich and Cooper, 

1988), all CCN concentrations within 0.4%-0.6% supersaturation were selected and averaged 

hourly. Planetary boundary layer height (PBLH) was retrieved every 30 s from the micropulse 

lidar system and averaged to hourly values using the PBLHTMPL1SAWYERLI product. 

Because of differences in temporal resolution and data format among these sources, all 

variables from the ARM SGP site were merged into a harmonized hourly database for analysis 

(Table 2.1). 

 

Data product name Variables obtained or derived from the dataset 

CLDTYPE Convective cloud type, cloud thickness 

VDIS Rain rate 

ARSCLKAZR1KOLLIAS 
Radar reflectivity > 10 dBz extent, Radar 

reflectivity > 10 dBz centroid 

INTERPOLATEDSONDE 
CAPE, surface equivalent potential 

temperature, 0 °C freezing level height 

AOSCCN1COL, AOSCCN2COLAAVG CCN concentration at the surface 

PBLHTMPL1SAWYERLI PBLH 

 

Table 2.1: ARM SGP datasets containing the variables considered for use in the lightning 

parameterization. 
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2.3 ERA5 

 

 ERA5 is the fifth-generation global atmospheric reanalysis produced by the European 

Centre for Medium-Range Weather Forecasts (ECMWF). It provides hourly estimates of a wide 

range of atmospheric variables at a spatial resolution of 0.25° × 0.25°, generated using a four-

dimensional variational (4D-Var) data assimilation system (Hersbach et al., 2020). For this study, 

the eastward and northward wind components were obtained from the ERA5 hourly data on 

pressure levels for the 750, 500, and 250 hPa levels over the SGP and for the 750 and 500 hPa 

levels over the SESA. Hourly wind shear was calculated between 750 and 500 hPa for both regions, 

and an additional 750-250 hPa shear was computed for the SGP domain. The wind shear magnitude 

was derived as: 

𝑊𝑖𝑛𝑑	𝑆ℎ𝑒𝑎𝑟 = 𝑢1 − 𝑢3 3 + 𝑣1 − 𝑣3 3 

where 𝑢1, 𝑢3 and 𝑣1, 𝑣3 represent the zonal and meridional wind components at the two pressure 

levels, respectively. 

 Other ERA5 variables used in this study include wind speed at 100 m, CAPE, surface 

pressure, temperature at 2 m, and relative humidity (RH) at 750 hPa. 

 

2.4 IMERG 

 

The Integrated Multi-satellitE Retrievals for GPM (IMERG) product provides globally 

consistent precipitation estimates by intercalibrating, merging, and interpolating microwave 

observations from multiple satellites in the GPM constellation. It also integrates microwave-

calibrated infrared measurements, rain gauge analyses, and other auxiliary datasets. IMERG 
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generates precipitation estimates through three processing stages: the Early Run, which offers 

near-real-time results; the Late Run, which incorporates additional delayed satellite inputs; and the 

Final Run, which provides a research-grade product adjusted using monthly gauge-based 

precipitation data. In this study, the IMERG Final Run was used only for the SESA region to 

represent hourly precipitation at each 1° × 1° grid cell. 

 

2.5 CloudSat 

 

CloudSat, a NASA satellite launched in 2006, provides global observations of the vertical 

structure and microphysical properties of clouds. Two Level-2 CloudSat data products were used 

in this study: 2B-CLDTYPE (Wang and Sassen, 2007) and 2C-ICE (Mace and Deng, 2019). The 

2B-CLDTYPE product classifies cloud regimes based on radar reflectivity, temperature, and 

auxiliary information, distinguishing between deep convective, stratiform, and cirrus clouds. The 

2C-ICE product provides microphysical characteristics of ice clouds, including IWC and IWP, 

retrieved through a synergistic algorithm that combines CloudSat radar and CALIPSO lidar 

measurements. These datasets are commonly used to investigate the vertical structure of ice-phase 

clouds and to evaluate cloud microphysics in numerical models. 

In this study, CloudSat observations were utilized only for the SESA region to examine the 

vertical structure of clouds associated with lightning-producing convection. The 2B-CLDTYPE 

and 2C-ICE products were collocated with lightning observations to analyze the relationship 

between vertical ice distribution and lightning activity. 
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2.6 Aerosol Related Datasets 

 

2.6.1 SGP 

 

Fine particulate matter (PM2.5) concentrations were obtained from the U.S. Environmental 

Protection Agency (EPA) Air Quality System (AQS) database. Hourly surface PM2.5 

measurements from three nearby counties: Kay County, Oklahoma (36.7° N, 97.1° W), Sedgwick 

County, Kansas (37.7° N, 97.3° W), and Sumner County, Kansas (37.5° N, 97.4° W), were 

averaged to represent the regional near-surface aerosol loading at the SGP site. 

The column aerosol optical thickness (AOT) used in this study was derived from the 

Modern-Era Retrospective analysis for Research and Applications, version 2 (MERRA-2), 

produced by the NASA Global Modeling and Assimilation Office (GMAO) using the Goddard 

Earth Observing System (GEOS) model version 5.12.4. MERRA-2 is a global atmospheric 

reanalysis covering the satellite era from 1980 to the present, which assimilates satellite-observed 

AOT and other aerosol-related radiances to generate consistent aerosol diagnostics and 

meteorological fields. The hourly two-dimensional aerosol product (M2T1NXAER, or 

tavg1_2d_aer_Nx) was employed, containing time-averaged aerosol extinction and optical 

properties time-stamped at the midpoint of each hour. The original data, provided on a 0.625° × 

0.5° latitude-longitude grid, were regridded to a uniform 1° × 1° spatial resolution using the Level-

3 Goddard Earth Sciences Data and Information Services Center (GES DISC) regridding and 

subsetting tool based on distance-weighted averaging. For the SGP domain (36-37° N, 97-98° W), 

the total aerosol extinction AOT at 550 nm was extracted and used to represent the column aerosol 

loading for the analysis region. 
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2.6.2 SESA 

 

The AOT for the SESA region was obtained from the VIIRS (Visible Infrared Imaging 

Radiometer Suite) SNPP (Suomi National Polar-orbiting Partnership) Level-3 daily Deep Blue 

aerosol product (AERDB_D3_VIIRS_SNPP). This dataset provides global, gridded AOT 

measurements at 550 nm over both land and ocean at a horizontal resolution of 1° × 1°, available 

since March 1, 2012. The product is derived from Level-2 swath-based Deep Blue retrievals and 

includes only high-quality (QA-filtered) observations. For each grid cell, the daily mean AOT 

value is calculated when at least three valid retrievals are available. VIIRS was selected instead of 

MERRA-2 for the SESA analysis because direct satellite retrievals provide more region-specific 

information on aerosol loading and spatial gradients. In regions such as SESA, where aerosol 

sources include continental pollution, biomass burning, and marine inflow, assimilated products 

like MERRA-2 may smooth local variability due to their reliance on global background fields. The 

daily VIIRS Deep Blue product, by contrast, captures day-to-day fluctuations in column AOT 

more effectively, which is essential for distinguishing between clean and polluted conditions in 

this analysis. For the SGP site, by comparison, extensive ground-based measurements are available, 

and MERRA-2 was used mainly to maintain temporal consistency with the hourly meteorological 

variables derived from reanalysis.  

To better examine the influence of aerosol loading on lightning activity, AOT values within 

each grid cell were categorized into three groups: the lowest 25% (clean conditions), the highest 

25% (polluted conditions), and the middle 50% (intermediate conditions). This stratification 
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facilitates a clearer comparison of lightning occurrence and intensity under varying aerosol 

environments across the SESA. 

 

2.7 GOES 

 

Geostationary Operational Environmental Satellites (GOES) provide continuous 

monitoring essential for high-frequency atmospheric observations and intensive data analysis. 

These satellites orbit the Earth in a geosynchronous orbit approximately 35,800 km above the 

surface, which allows for a full-disc view of the planet. GOES-12, launched on July 23, 2001, 

assumed the GOES-East position, providing coverage of the eastern half of the continental United 

States. In April 2010, operational responsibilities for GOES-East were transferred to GOES-13. 

Band 4 observations from both satellites were used to measure cloud-top temperatures. 

Band 4, centered at a wavelength of 10.7 µm, lies within the infrared spectrum and is particularly 

sensitive to upper-level cloud-top emissions. Deep convective clouds typically exhibit very low 

cloud-top temperatures, reflecting their strong vertical development and penetration into the upper 

troposphere. For instance, a cloud-top temperature below -15 °C is used as a key criterion for 

identifying deep convective clouds in the retrieval process of the CloudSat 2B-CLDTYPE product 

(Wang and Sassen, 2007). In this study, the GOES-derived cloud-top temperature data, when 

available, were cross-compared with CloudSat retrievals to ensure consistency in the detection and 

identification of deep convective clouds. 

 

2.8 EMWCF-AUX 
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The ECMWF-AUX dataset (Cronk and Partain, 2017) serves as a key link between 

CloudSat observations and the European Centre for Medium-Range Weather Forecasts (ECMWF) 

model data. It is an intermediate product that provides ECMWF atmospheric state variables 

interpolated to the precise location of each CloudSat cloud profiling radar bin. This alignment 

allows for direct comparison between CloudSat’s detailed vertical cloud measurements and 

ECMWF model outputs, thereby enhancing the accuracy of weather forecasts and deepening the 

understanding of cloud-climate interactions. The ECMWF-AUX dataset supplies essential 

ancillary data—such as temperature, pressure, and humidity profiles—for use in several CloudSat 

Level 2 retrieval algorithms, including 2B-GEOPROF, 2B-CLDCLASS, 2B-TAU, and 2B-

FLXHR. In this study, the temperature vertical profiles from ECMWF-AUX were utilized. 
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Chapter 3 ML Methodology 

 

3.1 Background on ML Approaches 

 

ML has become a powerful framework in atmospheric sciences for identifying complex, 

nonlinear relationships among environmental variables that are often difficult to represent with 

traditional empirical or physical models. Empirical indices such as the product of CAPE and 

precipitation (Romps et al., 2014; Tippett and Koshak, 2018) can indicate large-scale conditions 

favorable for convection but cannot fully capture the combined effects of thermodynamic 

instability, dynamic forcing, cloud microphysics, and aerosol processes that govern lightning 

generation. ML algorithms, in contrast, can extract relationships directly from high-dimensional 

data and therefore provide a flexible, data-driven approach to modeling lightning occurrence and 

intensity. 

Several types of ML algorithms have been applied in weather and climate studies, 

including support vector machines (SVM), decision trees, logistic regression, neural networks, and 

ensemble learning methods such as random forest (RF). Among these, the RF algorithm has proven 

particularly effective due to its robustness, ability to handle high-dimensional datasets, resistance 

to overfitting, and capability to capture nonlinear interactions among predictors (Breiman, 2001). 

Moreover, the relative importance of each predictor can be quantified through the model’s built-

in feature importance metrics, providing a physically interpretable connection between statistical 

relationships and atmospheric processes. Due to its strong generalization capability and robustness 

to data heterogeneity, the RF algorithm is well suited for investigating lightning variability across 

regions with contrasting climatic, thermodynamic, and aerosol conditions. 
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3.2 Evaluation Metrics 

 

Evaluating model performance requires metrics that objectively quantify predictive skill 

and reliability. For classification problems such as lightning occurrence, overall accuracy alone 

can be misleading, because lightning is a relatively rare event both spatially and temporally, and 

non-lightning cases vastly outnumber lightning cases. For example, model that always predicts 

“no lightning” could still achieve a deceptively high accuracy.  

The datasets used in this study exhibit varying degrees of class imbalance, a condition 

where non-lightning samples vastly outnumber lightning samples. Such imbalance is common in 

geophysical classification problems (e.g., storm detection or rare-event prediction) and can bias 

ML models toward the dominant class, leading to deceptively high overall accuracy but poor 

detection of rare events (He and Garcia, 2009; Johnson and Khoshgoftaar, 2019). 

To quantitatively assess this imbalance, an entropy-based metric, the Normalized Shannon 

Entropy (NSE), was computed from the confusion matrix. This approach has been widely applied 

in environmental and atmospheric data analyses to evaluate information diversity and dataset 

balance (Cover and Thomas, 2006; Chlingaryan et al., 2018). Given the four components—true 

positives (TP), true negatives (TN), false positives (FP), and false negatives (FN)—the total 

numbers of actual positive and negative samples are defined as: 

𝑛678 = 𝑇𝑃 + 𝐹𝑁, 

𝑛>?@ = 𝑇𝑁 + 𝐹𝑃. 

Their relative proportions, 

𝑝678 =
𝑛678

𝑛678 + 𝑛>?@
, 
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𝑝>?@ =
𝑛>?@

𝑛678 + 𝑛>?@
= 1 − 𝑝678, 

are then used to calculate the Shannon entropy, 

𝐻 = − 𝑝678 log3 𝑝678 + 𝑝>?@ log3 𝑝>?@ , 

quantifies the diversity of the class distribution. The normalized entropy is computed as: 

NSE = 𝐻>7JK = 𝐻 log3 𝐾, 

where 𝐾 is the number of classes. For the binary classification problem in this study (𝐾 = 2), this 

simplifies to NSE = 𝐻>7JK = 𝐻,	which ranges from 0 (complete imbalance) to 1 (perfect balance), 

providing a concise and interpretable measure of imbalance across datasets. 

To ensure consistent and objective evaluation across datasets with different balance 

conditions, several complementary metrics were employed, including the area under the receiver 

operating characteristic (ROC) curve (AUC) and Recall, which together provided a more 

comprehensive assessment of model discrimination and detection capability. 

The ROC curve, originally developed in signal detection theory (Green and Swets, 1966), 

illustrates the relationship between the true positive rate (TPR) and false positive rate (FPR) for 

different classification thresholds. For a given confusion matrix containing TP, TN, FP and FN, 

these quantities are defined as: 

TPR =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
= Recall, 

FPR =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
. 

By plotting TPR against FPR over all possible thresholds, the ROC curve demonstrates the 

trade-off between successful detection and false alarms. The AUC provides a scalar measure of 

the model’s ability to distinguish between classes. A perfect model yields an AUC of 1.0, while a 

random classifier gives an AUC near 0.5. 
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In addition to AUC, another key evaluation metric is Recall, also known as the true positive 

rate. Recall is particularly suitable for imbalanced datasets because it quantifies the fraction of 

observed lightning cases correctly identified by the model. A high Recall indicates effective 

detection of lightning events—critical for applications such as convective nowcasting and severe 

weather warnings, where missing an event can have more serious consequences than issuing a 

false alarm. 

Accuracy, calculated as: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
, 

is also reported to provide general context but interpreted with caution given the strong class 

imbalance. Emphasis was placed on AUC and Recall because these metrics more accurately 

represent model performance for detecting relatively rare but high-impact lightning events, thereby 

providing a more meaningful measure of predictive skill in operational and research contexts. 

 

3.3 RF Classifier 

 

The RF classifier is an ensemble learning method that constructs multiple decision trees 

during training and combines their results through majority voting. Each tree is trained on a 

bootstrap sample of the data, and at each node a random subset of predictors is considered for 

splitting. This randomization reduces overfitting and improves model generalization. 

RF is well suited for atmospheric applications because it can handle nonlinear relationships, 

correlated predictors, and mixed data types. It also provides an internal measure of feature 

importance based on how much each variable reduces classification impurity across all trees 
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(Breiman, 2001), enabling quantitative assessment of the relative influence of thermodynamic, 

dynamic, and microphysical factors on lightning occurrence. 

Given its robustness, interpretability, and strong predictive skill, the RF algorithm was 

selected for this study to model lightning activity across two contrasting regions in this study. 

 

3.4 Model Configuration and Cross-validation 

 

Before finalizing the RF configuration, several sensitivity tests were conducted to evaluate 

how key hyperparameters influence model performance and to determine whether default settings 

were sufficient for this application. These experiments ensured that the chosen model setup was 

both statistically robust and physically interpretable for lightning prediction. 

Model training and validation were performed using a 10-fold cross-validation procedure 

to ensure robust evaluation and minimize overfitting. The dataset was randomly divided into ten 

equal subsets, with nine subsets used for training and the remaining one for validation in each 

iteration. This process was repeated ten times so that all samples were used for both training and 

testing, and the averaged performance was reported as the final model score. 

The implementation employed the RepeatedStratifiedKFold method to preserve the class 

distribution of lightning and non-lightning samples across all folds. Several parameter 

combinations were tested, and the default configuration yielded the best or near-best performance. 

The main hyperparameters of the RF classifier—including the number of trees, maximum tree 

depth, and minimum sample requirements for node splitting and leaf formation—are summarized 

in Table 3.1, which lists the tested ranges and the adopted final settings. Random shuffling was 
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applied prior to each iteration to reduce sampling bias and ensure the independence of validation 

subsets. 

Accuracy represented the percentage of correctly classified hourly samples, indicating how 

often the model successfully predicted whether lightning occurred or not within a given hour. AUC 

was used to assess the model’s ability to distinguish lightning from non-lightning cases across 

varying decision thresholds. These results provide a quantitative benchmark for evaluating model 

skill under different parameter settings. 

 

Parameters Accuracy AUC 

Default: n_estimators = 100, max_depth = 

None, min_samples_split = 2, 

min_samples_leaf = 1 

76.9 % ± 0.3 % 0.850 ± 0.002 

Changing 

n_estimators only 

n_estimators = 10 74.4 % ± 0.4 % 0.812 ± 0.003 

n_estimators = 50 76.7 % ± 0.3 % 0.846 ± 0.002 

n_estimators = 200 76.9 % ± 0.3 % 0.853 ± 0.001 

Changing max_depth 

only 

max_depth = 5 74.6 % ± 0.2 % 0.832 ± 0.001 

max_depth = 10 76.5 % ± 0.3 % 0.848 ± 0.001 

max_depth = 50 77.0 % ± 0.3 % 0.851 ± 0.002 

Changing 

min_samples_split 

only 

min_samples_split = 3 76.8 % ± 0.3 % 0.849 ± 0.002 

min_samples_split = 4 76.7 % ± 0.3 % 0.850 ± 0.001 

min_samples_leaf = 2 76.5 % ± 0.2 % 0.847 ± 0.001 
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Changing 

min_samples_leaf 

only 

min_samples_leaf = 3 76.1 % ± 0.3 % 0.845 ± 0.001 

 

Table 3.1: Performance of the RF classifier under different parameter configurations. 

 

For the SGP region, the analysis was restricted to convective hours identified from the 

ARM CLDTYPE dataset to avoid temporal autocorrelation. For the SESA, the model was trained 

using all available hourly samples during the austral summer. All predictor variables were 

aggregated to a uniform 1° × 1° spatial grid and aligned at hourly temporal resolution before 

training. 

 

3.5 Model Implementation and Application Design 

 

The ML framework was implemented consistently across both study regions to ensure 

comparability in predictor selection, model configuration, and evaluation. Predictor variables 

included thermodynamic parameters such as CAPE, temperature, and humidity; dynamic variables 

such as wind shear and surface pressure; cloud-related variables such as cloud thickness, radar 

reflectivity, and rain rate; and aerosol indicators including AOT, PM2.5, and CCN concentration. 

All predictors were temporally aligned at an hourly resolution and spatially aggregated to a 1° × 

1° grid before model training. 

Separate RF classifiers were developed for the SGP and the SESA to account for regional 

climatic and environmental differences while maintaining identical model structures and 
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evaluation metrics. For the SGP region, the model focused on predicting any lightning occurrence 

during convective hours. For the SESA region, three classification targets were defined to 

represent different levels of lightning intensity for each 1° × 1° grid cell: (1) any lightning 

occurrence, named “Any”; (2) medium intensity, named “Medium”, defined as flash counts above 

the local median; and (3) extreme intensity, named “Extreme”, defined as flash counts exceeding 

the 90th percentile. 

This unified design allows direct comparison of predictor importance and model behavior 

between two distinct atmospheric regimes. The results presented in the following chapter evaluate 

the predictive performance of the models and interpret the physical relevance of dominant 

predictors in the context of convective electrification.  
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Chapter 4: Lightning Predictability and Environmental Relationships 

over the SGP 

 

4.1 Model Performance Evaluation 

 

First, convective hours were identified using the CLDTYPE product from the ARM SGP 

site. This product provides an automated cloud-type classification derived from vertically pointing 

lidar and radar measurements, allowing objective identification of deep convective clouds. Each 

24-hour period was examined to extract hours containing convective cloud signatures. 

A broad set of meteorological and cloud-related variables was initially considered for the 

ML analysis. To reduce redundancy among predictors, eight relatively independent variables (with 

intercorrelations |R| < 0.5) were selected for use in the model (Figure 4.1). During the summer 

months (June-September, 2012-2020), a total of 817 hours with measurable deep convective 

clouds and complete data coverage for all eight variables were available. Lightning was detected 

within the 1° × 1° grid box (36-37° N, 97-98° W) encompassing the ARM site in 509 of these 

hours. 
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Figure 4.1: Pearson correlation coefficients between variables selected for use in the ML analysis. 

Asterisks indicate that the correlations are significant at the 95 % level. The relatively low 

correlations between the pairs make them good candidates for the analysis. 

 

To assess the predictive capability of different algorithms, six commonly used ML 

classifiers were tested: RF, SVM with linear and radial basis function (RBF) kernels, logistic 

regression, decision tree, and Gaussian naive Bayes. Each classifier was trained to predict the 

occurrence of lightning (“Yes” vs. “No”) during convective hours using the eight selected input 

variables. Tenfold cross-validation was repeated 50 times to evaluate model performance and 

ensure statistical robustness. 
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Among the tested classifiers, the RF algorithm achieved the highest average accuracy and 

AUC (Table 4.1), indicating the strongest discrimination between lightning and non-lightning 

cases. Consequently, the RF model was adopted for subsequent analysis. After selecting the 

optimal algorithm, the dataset was randomly divided into training and testing subsets using a 75 %-

25 % split. A total of 1000 simulations were conducted with the RF classifier to evaluate its 

stability and performance. The resulting confusion matrix (Table 4.2) indicates an overall accuracy 

of approximately 77%. Given that lightning was observed in 509 out of 817 analyzed hours (about 

62%), this value represents a strong predictive performance under a relatively balanced dataset. 

Considering the inherent variability of convective storms and the stochastic nature of lightning 

occurrence, an accuracy around 77% suggests that the model effectively distinguishes lightning-

active from non-lightning periods rather than relying on class imbalance. 

 

Classifier Name Accuracy AUC 

SVM with linear kernel 72.1 % ± 0.1 % 0.797 ± 0.001 

SVM with RBF kernel 74.0 % ± 0.2 % 0.821 ± 0.001 

RF 76.9 % ± 0.3 % 0.850 ± 0.002 

Logistic Regression 72.3 % ± 0.1 % 0.800 ± 0.001 

Decision Tree 69.8 % ± 0.5 % 0.679 ± 0.004 

Gaussian Naive Bayes 74.2 % ± 0.2 % 0.812 ± 0.002 

 

Table 4.1: Mean accuracy and AUC with the standard deviation for each ML classifier method. 

Each method was run 50 times using 10-fold cross-validation. The accuracy is defined as the ratio 

of correct predictions of lightning occurrence (“Yes” vs. “No”) to total predictions. AUC provides 
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an aggregate measure of performance across all the classification thresholds and can have values 

ranging from 0.5 to 1.0. Models with higher values of AUC do a better job of distinguishing 

between convective hours with and without lightning. 

 

 Prediction: No Lightning Prediction: Lightning 

Truth: No Lightning TN = 24.55 % ± 2.49 % FP = 12.96 % ± 2.63 % 

Truth: Lightning FN = 10.45 % ± 2.49 % TP = 52.04 % ± 2.94 % 

 

Table 4.2: This confusion matrix shows the accuracy of the RF classifier. The frequency 

(percentage and standard deviation) of the binary prediction that fell into each of the four 

categories is shown. The overall accuracy, which is sum of the TN (24.55 %) and the TP (52.04 %), 

is about 77 %.  

 

4.2 Dominant Predictors of Lightning Occurrence 

 

In addition to the confusion matrix, the RF classifier produced an overall ranking of feature 

importance (Figure 4.2). Feature importance quantifies the contribution of each predictor to 

reducing classification impurity, that is, the probability that multiple classes remain within a node 

after successive splits across all decision trees. The relative importance of the eight input variables 

was assessed based on the percentage of 1000 simulations in which each variable was ranked from 

the most to the least important. 
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Figure 4.2: Variable importance ranking distribution. Probability distribution function showing the 

frequency at which each variable was rated from most to least important after running the RF 

classifier with random splitting 1000 times. 

 

The results show that cloud thickness, rain rate, and CAPE were consistently identified as 

the three most influential predictors of lightning occurrence. Specifically, cloud thickness was 

ranked as the most important variable in 57.4 % of simulations, and among the top three variables 

in more than 90 % of cases. Similarly, rain rate and CAPE also appeared within the top three ranks 

in over 90 % of the model runs, confirming their dominant roles in determining lightning activity. 

The next group of moderately important variables includes the vertical extent of radar reflectivity 

exceeding 10 dBz, wind shear between 750 and 250 hPa, and the centroid height of radar 
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reflectivity greater than 10 dBz. The least influential predictors were PM2.5 concentration and wind 

shear between 750 and 500 hPa, reflecting their relatively small importance compared to other 

environmental parameters. 

The importance of each variable was further validated through sensitivity experiments in 

which individual predictors were removed from the model. The baseline model achieved an 

accuracy of 76.6 % and an AUC of 0.850. When cloud thickness, rain rate, and CAPE were 

removed separately, the accuracy decreased to 72.1 %, 75.6 %, and 74.3 %, and the corresponding 

AUC values dropped to 0.797, 0.830, and 0.821, respectively. Removing the remaining variables 

resulted in much smaller performance degradation. These results confirm that cloud thickness is 

the most critical factor influencing lightning occurrence, followed by rain rate and CAPE, which 

jointly represent the cloud vertical development, microphysical intensity, and thermodynamic 

potential associated with convective electrification. 

 

4.3 Contrast in Meteorological Variables between No-Lightning and Frequent-Lightning Hours 

in Strong Convective Environments 

 

ML provides a robust framework for ranking feature importance, enabling quantitative 

assessment of how individual variables contribute to lightning prediction. To facilitate physical 

interpretation of these results, the distributions of key meteorological variables were compared 

between convective hours with and without lightning. The hourly lightning flash count distribution 

within the 1° × 1° grid box containing the SGP site is shown in Figure 4.3. The mean and median 

numbers of ENTLN flashes per hour were 864.9 and 162.5, respectively. The large difference 
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between these two statistics indicates a highly skewed distribution, driven by a limited number of 

hours with exceptionally frequent lightning activity. 

 

 

 

Figure 4.3: Hourly flash count distribution for flashing hours in the 1° × 1° grid box containing 

the SGP site. Note that the x axis is logarithmic. There are 608 h with both flashes and convective 

clouds detected, accounting for 2.3 % among all 26,352 h in the summer months (June-September) 

from 2012 to 2020. 

 

To focus on environments most conducive to lightning production, a CAPE threshold of 

2000 J·kg-1 was applied. Only hours with convective cloud detections and CAPE values exceeding 

this threshold were selected, representing conditions characteristic of strong convection, following 

previous studies (Rutledge et al., 1992; Chaudhuri, 2010; Chaudhuri and Middey, 2012; Hu et al., 

2019). A total of 175 hours met these criteria. Among them, 41 hours exhibited no lightning within 

a 3-hour window centered on the CAPE observation and were classified as no-lightning hours. 75 

hours had 3-hour mean flash rates exceeding the median value of 162.5 flashes per hour and were 
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categorized as frequent-lightning hours, while the remaining 59 hours were identified as 

intermediate-lightning hours. 

The contrast in meteorological and cloud-related variables between the no-lightning and 

frequent-lightning hours is summarized in Table 4.3, highlighting the environmental differences 

that distinguish strongly electrified from weakly electrified convective systems. 

 

Meteorological 

Variables 
No-Lightning Hours 

Frequent-Lightning 

Hours 
p-value 

CAPE (J·kg-1) 2627 ± 712 2669 ± 585 > 0.05 

Rain Rate (mm·h-1) 0.16 ± 0.51 8.57 ± 15.25 < 0.001 

Cloud Thickness (km) 6.22 ± 2.13 10.66 ± 3.04 < 0.001 

Wind Shear (750/250 

hPa) (m·s-1) 
14.63 ± 5.17 12.04 ± 6.22 < 0.05 

Wind Shear (750/500 

hPa) (m·s-1) 
9.45 ± 4.17 7.65 ± 3.85 < 0.05 

Radar Reflectivity > 

10 dBz Extent (km) 
0.13 ± 0.24 1.31 ± 1.60 < 0.001 

Radar Reflectivity > 

10 dBz Centroid (km) 
4.80 ± 1.23 5.73 ± 1.96 < 0.01 

PM2.5 Concentration 

(µg·m-3) 
10.92 ± 3.83 6.57 ± 3.89 < 0.001 
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Table 4.3: The contrast (mean, standard deviation and significance of difference) in the value of 

meteorological variables in the ML RF model between no-lightning and frequent-lightning hours, 

under conditions of CAPE exceeding 2000 J·kg-1. For example, a p value of < 0.01 indicates that 

the difference is significant at the 99 % level. 

 

After restricting the analysis to hours with CAPE greater than 2000 J·kg-1, no significant 

difference in CAPE was found between the no-lightning and frequent-lightning groups. This 

suggests that once CAPE exceeds a high threshold, it is no longer a reliable discriminator of 

lightning occurrence. In contrast, both the rain rate and convective cloud thickness were 

substantially larger during frequent-lightning hours, with p-values below 0.001, indicating that 

lightning is strongly associated with deeper convection and enhanced precipitation. These results 

are consistent with the RF analysis, which identified rain rate and cloud thickness as dominant 

predictors of lightning activity. 

The vertical extent of radar reflectivity greater than 10 dBz was roughly an order of 

magnitude larger when lightning occurred, implying that the total IWP, and hence the abundance 

of mixed-phase hydrometeors, was significantly higher in electrified storms. Similarly, the 

centroid altitude of radar reflectivity was approximately 19 % higher during lightning hours, a 

difference significant at the 99 % confidence level. In contrast, mean vertical wind shear tended to 

be weaker when lightning was present, with reductions of about 18 % for shear between 750 and 

250 hPa and 20 % for shear between 750 and 500 hPa, both significant at the 95 % confidence 

level. 

Aerosol-related variables exhibited somewhat unexpected patterns. Mean PM2.5 

concentrations were about 40 % lower during frequent-lightning hours compared with no-lightning 
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hours, a statistically significant difference that contrasts with the weak sensitivity indicated by the 

ML analysis and with some previous findings linking enhanced lightning activity to higher aerosol 

loading. Similarly, CCN concentrations were more than 30 % smaller during frequent-lightning 

periods, and MERRA-2 AOT values at 550 nm were lower as well, both significant at the 99 % 

confidence level. One plausible explanation for these negative aerosol-lightning relationships is 

wet removal, as precipitation scavenging reduces near-surface aerosol concentrations during or 

shortly after convective events. 

To further assess this effect, PM2.5 and CCN concentrations were examined not only during 

the convective hours but also during the preceding hours (Table 4.4). The PM2.5 concentrations 

remained consistently lower when flashes were frequent, whereas CCN differences before 

convection were small and not statistically significant. Another possible explanation involves 

enhanced vertical mixing within a deeper planetary boundary layer (PBL). A higher PBL height is 

typically associated with stronger surface heating, larger CAPE, and increased convective intensity 

(Zhang et al., 2013; Sun and Liang, 2020). Assuming pollutants are well mixed within the PBL, 

the products of PBL height and PM2.5 or CCN concentrations were calculated and compared 

between the two groups. Although these products were nearly 50 % larger during frequent-

lightning periods, the differences were not statistically significant at the 95 % confidence level 

because of large variability. Overall, these results suggest that aerosol dilution within a deeper 

PBL, combined with wet removal during precipitation, likely contributes to the observed lower 

aerosol concentrations when lightning activity is high. 

 

Meteorological 

Variables 
No-Lightning Hours 

Frequent-Lightning 

Hours 
p-value 
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PM2.5 Concentration 

in convective hours 

(µg·m-3) 

10.92 ± 3.83 6.57 ± 3.89 < 0.001 

PM2.5 Concentration 1 

hour before 

convective hours 

(µg·m-3) 

10.94 ± 3.82 7.08 ± 4.28 < 0.001 

CCN Concentration in 

convective hours (cm-

3) 

1640.13 ± 401.55 1094.22 ± 1205.45 < 0.05 

CCN Concentration 1 

hour before 

convective hours (cm-

3) 

1616.69 ± 384.77 1249.85 ± 1222.03 > 0.05 

MERRA-2 Total 

Aerosol Extinction 

AOT at 550 nm in 

convective hours 

0.28 ± 0.10 0.22 ± 0.10 < 0.05 

PM2.5 Concentration 

in convective hours × 

PBLH (µg·m-3·km) 

10.88 ± 6.31 9.45 ± 8.36 > 0.05 
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CCN Concentration in 

convective hours × 

PBLH (cm-3·km) 

1377.31 ± 493.49 1999.69 ± 3402.52 > 0.05 

 

Table 4.4: The contrast (mean, standard deviation, and significance of difference) in aerosol-

related variables between no-lightning and frequent-lightning hours. 

 

Additional meteorological parameters were derived from the INTERPSONDE dataset at 

the ARM SGP site. This value-added product provides vertical profiles of pressure, temperature, 

and dew point, which allow characterization of the thermodynamic structure of the atmosphere 

during convective events. The contrasts in these meteorological variables between no-lightning 

and frequent-lightning hours are summarized in Table 4.5, highlighting differences in 

environmental conditions that may influence storm development and electrification. 

 

Meteorological 

Variables 
No-Lightning Hours 

Frequent-Lightning 

Hours 
p-value 

LCL Height (km) 1.11 ± 0.41 1.11 ± 0.47 > 0.05 

0 °C Freezing Level 

Height (km) 
4.78 ± 0.22 4.64 ± 0.20 < 0.001 

Surface Equivalent 

Potential 

Temperature (K) 

356.64 ± 4.81 353.39 ± 6.42 < 0.01 
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Minimum Equivalent 

Potential 

Temperature from 

700 hPa to 500 hPa 

(K) 

333.30 ± 4.18 328.84 ± 4.21 < 0.001 

Average Specific 

Humidity (SH) from 

Surface to LCL 

(g·kg-1) 

15.59 ± 1.68 14.92 ± 1.47 < 0.05 

Average RH from 

Surface to LCL (%) 
69.8 ± 11.5 69.1 ± 12.4 > 0.05 

Average Mid-

tropospheric SH from 

700 hPa to 500 hPa 

(g·kg-1) 

6.09 ± 1.05 5.10 ± 1.12 < 0.001 

Average Mid-

tropospheric RH from 

700 hPa to 500 hPa 

(%) 

73.2 ± 13.1 62.0 ± 13.1 < 0.001 

 

Table 4.5: The contrast (mean, standard deviation and significance of difference) between no-

lightning and frequent-lightning hours in variables derived from the INTERPOLATEDSONDE 

data product. 
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According to table, the LCL height and the vertically integrated relative humidity (RH) 

from the surface to the LCL show little variation between no-lightning and frequent-lightning 

hours. These quantities influence the warm-cloud depth and thus the development of lower-level 

condensation processes (Medina et al., 2022). Differences in the 0 °C freezing-level height (0.14 

km), mean SH from the surface to the LCL (0.67 g kg⁻¹), and surface equivalent potential 

temperature (3.25 K) are relatively small but statistically significant. In contrast, mid-tropospheric 

humidity is markedly lower during lightning-active hours, with reductions of approximately 0.99 

g kg⁻¹ in SH and 11.2 % in RH. This pattern is consistent with the convective profile analysis over 

the Amazon reported by Wall et al. (2014), who suggested that a dry mid-troposphere enhances 

the lapse rate of equivalent potential temperature and favors strong convection when low-level 

moisture is abundant. 

The minimum equivalent potential temperature in the mid-troposphere is also lower during 

frequent-lightning hours (by 4.46 K), consistent with Scala et al. (1990), who found that storms 

developing in environments with a well-defined mid-level equivalent potential temperature 

minimum tend to produce more vigorous updrafts. A pronounced layer of low equivalent potential 

temperature air in the mid-troposphere provides a reservoir of cool, dry air that promotes 

evaporative cooling and strong downdrafts, which in turn enhance storm intensity and maintain 

organized deep convection (Pickering et al., 1993). 

 

4.4 The IC flash fraction relationship with the square root of CAPE 
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Holton (1973) demonstrated that CAPE strongly influences the maximum parcel updraft 

velocity, which is approximately proportional to the square root of CAPE according to parcel 

theory. In this analysis, a positive relationship was identified between the IC flash fraction and 

CAPE (Figure 4.4). The analysis was based on 304 hours with convective clouds detected at the 

ARM SGP site from the CLDTYPE product, restricted to cases with abundant lightning activity 

(hourly flash count > median value of 162.5 flashes during convective hours) to ensure statistical 

robustness. 

 

 

 

Figure 4.4: The relationship between the IC fraction and the square root of CAPE. The grey points 

show the IC fraction for convective hours with abundant flashes, while the red stars show the mean 

IC fraction for 5 m·s-1 CAPE bins. The fitted line for the binned data and its equation are shown 

in the figure. 
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The IC flash fraction increases from approximately 0.7 to 0.9 as CAPE increases from 0 

to 60 m·s-1. This change suggests that stronger convective environments, characterized by higher 

CAPE and therefore stronger updrafts, favor a larger proportion of IC lightning. Stronger updrafts 

elevate the main charge center farther above the surface, reducing the number of flashes that reach 

the ground and consequently increasing the IC fraction. This interpretation is supported by the 

observed positive relationship between IC flash fraction and IC flash altitude (Figure 4.5). 

 

 

 

Figure 4.5: IC Height and Fraction with the square root of CAPE. Median IC height is plotted 

against the CAPE for hours when flash rates exceed the median of flashing hours. The intensity 

of the colors shows the fraction of flashes that are IC. The dashed lines show the median value of 
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CAPE and IC Height, respectively. The counts were used in the Chi-Square calculator and show 

the number of data points in each region of the figure. 

Such a relationship between IC fraction and CAPE has received limited attention in prior 

studies, which have mainly focused on land-ocean contrasts (Lapp and Saylor, 2007) or cloud 

vertical structure (Williams et al., 1989). A chi-square test based on a 2 × 2 contingency table 

confirmed that the association between CAPE and IC fraction is statistically significant at p < 

0.001. Previous work by Price and Rind (1993) found that the ratio of CG to IC lightning depends 

primarily on cold-cloud thickness rather than on the freezing-level height. The results presented 

here suggest an alternative parameterization approach in which the IC fraction could be estimated 

as a function of CAPE, although this formulation requires validation with independent lightning 

datasets and over broader spatial domains. 

 

4.5 Conclusions 

 

This chapter investigated the environmental and microphysical controls of lightning 

occurrence over the SGP using a ML framework trained on hourly observations of atmospheric 

and cloud properties from the ARM SGP site and lightning data from ENTLN. Unlike most 

previous ML-based studies, which typically examine broader spatial domains, coarser temporal 

scales, or only CG lightning, this analysis focused on hourly convective periods detected at the 

SGP site, allowing for detailed exploration of the conditions conducive to lightning occurrence. 

Using eight relatively independent meteorological variables as predictors, the RF model 

achieved an accuracy exceeding 76% and an AUC of 0.85, demonstrating strong predictive 

capability. The most influential predictors were cloud thickness, rain rate, and CAPE, reflecting 
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the combined importance of cloud vertical development, microphysical activity, and 

thermodynamic instability. In strong convective environments (CAPE > 2000 J·kg-1), both rain 

rate and cloud thickness were significantly greater during lightning-active periods, while mid-

tropospheric humidity was lower, indicating enhanced instability and stronger vertical gradients 

of equivalent potential temperature. The mid-tropospheric minimum equivalent potential 

temperatures values were approximately 4.5 K lower during frequent-lightning hours, suggesting 

that entrainment of cool, dry air enhances downdraft strength and storm persistence. 

A significant positive relationship was also identified between CAPE and the fraction of 

IC flashes, implying that stronger updrafts, associated with higher CAPE, raise the main charge 

centers, resulting in a greater proportion of IC discharges. This relationship provides a potential 

basis for improved lightning parameterization in atmospheric models, offering an alternative 

approach for representing the IC-to-CG ratio.  

Overall, this chapter demonstrates that ML models, when combined with high-resolution 

atmospheric and cloud observations, offer an efficient approach for identifying key environmental 

drivers of lightning. Nevertheless, the analysis is limited by the representativeness of a single grid 

box and by the coarse spatial scale relative to convective variability. 
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Chapter 5: Lightning Predictability and Environmental Relationships 

over the SESA 

 

5.1 Overview and Regional Characteristics 

 

This chapter focuses on the SESA, covering 20-40°S and 40-60°W, a region characterized 

by frequent convective development during the austral summer (December-February)	 from 

December 2012 to February 2021. The study domain is shown in Figure 5.1, where different land 

types are distinguished by color: the oceanic region is shaded in blue, the inland region in green, 

and the coastal region in brown. To emphasize the contrast between land and ocean environments, 

the subsequent analysis primarily compares the inland and oceanic regions. 
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Figure 5.1: Region of interest (ROI) in the SESA (20-40° S, 40-60° W), showing the ocean (blue), 

inland (green), and coastal regions (brown). 

 

5.2 ML Input Variables Selection 

 

Hourly lightning data from ENTLN, meteorological variables from ERA5, precipitation 

from IMERG, and daily AOT from the VIIRS SNPP product were combined to construct the 

research dataset. Among the available meteorological parameters, the IMERG-derived rain rate 

and several ERA5 variables potentially associated with lightning activity were considered for 

inclusion in the ML analysis. To reduce redundancy among predictors, seven relatively 

independent variables (with intercorrelations |R| < 0.5) were selected for further analysis, as 

illustrated in Figure 5.2. 
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Figure 5.2: Pearson correlation coefficients between variables selected for use in the ML analysis. 

The relatively low correlations between the pairs make them good candidates for the analysis. 

 

For the austral summer seasons from 2012 to 2021, a total of 3,258,360 1° × 1° grid points 

within the study domain (20-40°S, 40-60°W) contain coincident observations of daily AOT, hourly 

meteorological conditions, and lightning occurrence, forming the basis for the ML experiments 

described in this chapter. 

 

5.3 Model Performance Across Lightning Intensity Categories 
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After excluding the coastal region, the RF model was applied to evaluate lightning 

predictability under three intensity categories: Any, Medium, and Extreme. For each 1° × 1° grid 

cell and hour, the model produced a binary prediction (“Yes” or “No”) corresponding to the 

category definitions. The Any category represents lightning occurrence regardless of intensity, 

defined by the presence of at least one lightning flash within a grid cell during a given hour. The 

Medium category includes hours in which lightning counts exceed the median value of all 

lightning-active hours at that location, while the Extreme category corresponds to lightning counts 

above the 90th percentile threshold. 

Model performance was evaluated using ten randomized simulations, each with a 75 %-

25 % split between training and testing subsets. Classification accuracy and AUC values for the 

three categories are summarized in Table 5.1. As expected from the large proportion of non-

lightning hours, the model achieved consistently high accuracy across all categories. However, 

AUC values decreased from Any to Extreme, suggesting that while the model performs well in 

detecting the general occurrence of lightning, its discriminative skill weakens as the definition of 

intensity becomes more restrictive. 

 

Category Accuracy AUC 

Any (3,258,360) 0.9649 ± 0.0003 0.716 ± 0.001 

Medium (3,258,360) 0.9810 ± 0.0000 0.689 ± 0.001 

Extreme (3,258,360) 0.9950 ± 0.0000 0.562 ± 0.002 

 

Table 5.1: Classification accuracy and AUC for lightning prediction across three intensity 

categories based on 10 randomized model runs. Accuracy reflects the overall correctness of 
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predictions, while AUC indicates the model’s ability to discriminate between positive and negative 

classes. The evaluation was performed over both land and ocean regions, and the total number of 

samples used is shown in parentheses. 

 

High overall accuracy can be misleading in imbalanced datasets dominated by true 

negatives. Unlike the SGP, where the presence of deep convective clouds was explicitly identified 

using the ARM CLDTYPE product, the SESA region lacks continuous and large-scale 

observations capable of tracking deep convection in real time. As a result, the proportion of 

lightning-active hours in SESA is much smaller than in the SGP deep convection dataset, leading 

to a severe class imbalance in which the vast majority of samples correspond to non-lightning 

cases. To better evaluate the model’s ability to detect actual lightning events, the Recall metric 

was used, representing the proportion of observed lightning occurrences correctly identified by the 

model. Additional imbalance-handling techniques such as random undersampling and the 

Synthetic Minority Oversampling Technique (SMOTE) were tested but did not yield significant 

improvements. Random undersampling risked discarding valuable information from the majority 

class, whereas SMOTE occasionally introduced noise without enhancing predictive skill. 

In order to provide a more detailed evaluation, the overall accuracy reported in Table 5.1 

was further decomposed into its components—TP, TN, FP and FN. As expected, the high overall 

accuracy primarily reflects the large proportion of TN cases, indicating that most hours correspond 

to non-lightning conditions. This imbalance motivates the use of Recall as a complementary metric 

to better assess the model’s capability in detecting actual lightning events. Recall decreases 

progressively from Any to Medium and Extreme categories. Although the model performs well in 

identifying non-lightning conditions, its sensitivity to different levels of lightning intensity 
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declines with increasing event rarity. Specifically, the model correctly identified approximately 

44 % of lightning events in the Any category, 38.3 % in the Medium category, and 12.2 % in the 

Extreme category. Despite this decrease, the results remain encouraging, demonstrating that the 

model can still detect a non-negligible fraction of rare, high-intensity lightning occurrences—an 

inherently challenging task given their localized and intermittent nature. 

 

Category TP (%) TN (%) FP (%) FN (%) Accuracy Recall 

Any 2.21 ± 0.01 
94.26 ± 

0.02 
0.72 ± 0.01 2.81 ± 0.02 

0.9649 ± 

0.0003 

0.440 ± 

0.004 

Medium 0.95 ± 0.01 
97.13 ± 

0.01 
0.39 ± 0.01 1.53 ± 0.01 

0.9810 ± 

0.0000 

0.383 ± 

0.004 

Extreme 0.06 ± 0.00 
99.47 ± 

0.01 
0.04 ± 0.00 0.43 ± 0.01 

0.9950 ± 

0.0000 

0.122 ± 

0.004 

 

Table 5.2: Mean and standard deviation of classification metrics for the Any, Medium, and 

Extreme lightning intensity categories, based on 10 randomized model runs. Values for TP, TN, 

FP, and FN are expressed as percentages of total samples, with Recall and accuracy included to 

highlight model performance under class imbalance. 
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Figure 5.3: Feature importance of the 7 input variables, ranked in descending order, for three 

lightning intensity categories: Any (left), Medium (center), and Extreme (right). 

 

Feature importance analyses were then conducted separately for the three categories 

(Figure 5.3). The ranking of predictor importance exhibits both consistency and category-

dependent variations. Rain rate consistently emerges as the dominant predictor, particularly in the 

Medium category, where its importance peaks at approximately 0.31. This highlights the strong 

link between precipitation intensity and lightning frequency. CAPE remains the second most 

influential variable across all categories, reflecting its role as a measure of atmospheric instability 

and convective potential. Surface-level variables, including surface pressure and near-surface 

temperature, maintain relatively stable importance scores, indicating their persistent influence on 

storm development. 

Notably, the importance of wind shear between 750 and 500 hPa increases in the Extreme 

category, rising from 0.093 and 0.095 in the Any and Medium cases to 0.111. This trend suggests 

that upper-level dynamical structures, particularly enhanced vertical wind shear, play a greater role 

in predicting the most intense lightning events. While Rain rate dominates at lower intensities, its 

relative importance diminishes at the extreme end, where multiple atmospheric variables interact 
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more strongly. This shift from a single-variable dominance to a multi-factor control reflects the 

increasing physical complexity of high-intensity convective systems across the SESA. 

 

5.4 Environmental Influences on Classification Performance 

 

To further examine how model performance varies across different environmental 

conditions, a stratified evaluation of accuracy, AUC, and Recall was conducted for the three 

lightning intensity categories (Any, Medium, and Extreme), separating the results by land versus 

ocean and clean versus polluted atmospheric conditions. The detailed classification results for each 

subset are summarized in Table 5.3. 

 

Any 

Land Type and/or 

Condition 
Accuracy AUC Recall 

Clean (815,544) 0.9835 ± 0.0005 0.687 ± 0.003 0.378 ± 0.006 

Polluted (815,544) 0.9436 ± 0.0005 0.738 ± 0.002 0.490 ± 0.004 

Ocean (1,782,864) 0.9878 ± 0.0004 0.651 ± 0.003 0.303 ± 0.006 

Land (1,475,496) 0.9378 ± 0.0004 0.728 ± 0.001 0.472 ± 0.001 

Clean Ocean 

(446,232) 
0.9940 ± 0.0000 0.625 ± 0.003 0.251 ± 0.006 

Polluted Ocean 

(446,232) 
0.9801 ± 0.0003 0.665 ± 0.005 0.334 ± 0.010 

Clean Land (369,312) 0.9712 ± 0.0006 0.703 ± 0.004 0.411 ± 0.010 
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Polluted Land 

(369,312) 
0.8996 ± 0.0011 0.747 ± 0.002 0.524 ± 0.004 

 

Medium 

Land Type and/or 

Condition 
Accuracy AUC Recall 

Clean (815,544) 0.9920 ± 0.0000 0.663 ± 0.003 0.327 ± 0.008 

Polluted (815,544) 0.9668 ± 0.0004 0.705 ± 0.002 0.417 ± 0.004 

Ocean (1,782,864) 0.9938 ± 0.0004 0.643 ± 0.004 0.285 ± 0.007 

Land (1,475,496) 0.9659 ± 0.0003 0.700 ± 0.002 0.407 ± 0.003 

Clean Ocean 

(446,232) 
0.9970 ± 0.0000 0.626 ± 0.010 0.248 ± 0.015 

Polluted Ocean 

(446,232) 
0.9897 ± 0.0005 0.660 ± 0.005 0.321 ± 0.012 

Clean Land (369,312) 0.9854 ± 0.0005 0.673 ± 0.004 0.347 ± 0.007 

Polluted Land 

(369,312) 
0.9400 ± 0.0016 0.715 ± 0.003 0.446 ± 0.005 

 

Extreme 

Land Type and/or 

Condition 
Accuracy AUC Recall 

Clean (815,544) 0.9980 ± 0.0000 0.535 ± 0.006 0.066 ± 0.012 

Polluted (815,544) 0.9910 ± 0.0000 0.569 ± 0.002 0.137 ± 0.007 
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Ocean (1,782,864) 0.9987 ± 0.0005 0.552 ± 0.004 0.106 ± 0.011 

Land (1,475,496) 0.9915 ± 0.0005 0.566 ± 0.003 0.133 ± 0.005 

Clean Ocean 

(446,232) 
0.9994 ± 0.0005 0.527 ± 0.019 0.065 ± 0.040 

Polluted Ocean 

(446,232) 
0.9970 ± 0.0000 0.565 ± 0.010 0.134 ± 0.016 

Clean Land (369,312) 0.9970 ± 0.0000 0.540 ± 0.006 0.070 ± 0.014 

Polluted Land 

(369,312) 
0.9832 ± 0.0004 0.569 ± 0.003 0.142 ± 0.006 

 

Table 5.3: Classification performance (accuracy, AUC and Recall) of the ML model for lightning 

prediction under different surface types and pollution conditions in the All, Medium, and Extreme 

categories. Values are reported across 10 randomized runs. Sample sizes for each condition are 

indicated in parentheses. 

 

Across all conditions, the model maintained consistently high accuracy, indicating a robust 

overall classification capability. However, as noted earlier, accuracy alone can be misleading in 

the presence of strong class imbalance, since it is largely dominated by the correct prediction of 

the majority non-lightning cases. 

In contrast, AUC provides a more discriminating measure of model skill. As lightning 

intensity increases from Any to Medium and then to Extreme, AUC values decrease systematically. 

This decline is most pronounced for Extreme events, reflecting the increasing difficulty of 

distinguishing rare, high-intensity lightning occurrences. The reduced discriminative power likely 
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results from both the intrinsic physical complexity of intense convective systems and the limited 

ability of available predictors to capture their distinct characteristics. 

Spatially, the model achieves slightly higher accuracy over oceanic regions than over land, 

likely due to the more stable atmospheric conditions and lower lightning frequency over the ocean. 

However, AUC values are generally lower over oceanic areas, particularly for Extreme events, 

indicating that while the model accurately identifies lightning occurrence, it is less capable of 

distinguishing event intensity in maritime environments. 

When comparing between aerosol conditions, model performance in terms of AUC and 

Recall tends to be higher under polluted conditions than under clean conditions. This contrast is 

most evident over land, where polluted environments yield the highest Recall scores. However, 

this does not necessarily imply that lightning is more predictable in polluted conditions. Instead, 

polluted continental regions experience more frequent lightning, providing a larger sample of 

positive cases that improves model training and evaluation statistics. 

In summary, while the ML model demonstrates strong overall capability in detecting 

lightning occurrence, its ability to differentiate the most intense lightning events remains limited, 

particularly in clean and oceanic environments where lightning is infrequent. Future improvements 

may involve incorporating additional predictors related to upper-level convection, microphysical 

electrification processes, and aerosol-cloud interactions. Moreover, adopting adaptive model 

architectures that explicitly account for environmental variability could enhance both predictive 

accuracy and generalization across contrasting regimes. 

 

5.5 Beyond ML Regression: Vertical Structure Analysis Using CloudSat 

 



59 
	

After evaluating the model’s classification performance, the ML framework was extended 

to predict the hourly lightning flash count in a regression setting. However, the regression results 

showed limited skill, with an overall coefficient of determination (R²) of only 0.15 on the test data, 

suggesting that lightning flash rate is influenced by complex atmospheric and microphysical 

processes that are not fully captured by the available predictors. 

To gain further insight into the physical characteristics of lightning-producing systems, 

CloudSat satellite observations were incorporated to examine the vertical structure of convective 

clouds. CloudSat provides active radar measurements capable of resolving cloud vertical profiles, 

thereby offering a complementary perspective to the surface-based and reanalysis-driven ML 

framework. This satellite-based approach allows direct investigation of the vertical extent and 

phase composition of clouds associated with lightning activity. 

Within the defined region of interest and analysis period, several CloudSat 2B-CLDTYPE 

granules containing deep convective cloud systems were identified along the satellite’s orbital 

tracks. To isolate large organized convective systems, a spatial threshold of 1° in latitude was 

applied to contiguous regions of deep convection. As an illustrative case, Granule 35295, observed 

on December 15th, 2012, captured an extensive deep convective complex within the study domain. 

The vertical cloud structure along the CloudSat track is shown in Figure 5.4, where deep 

convective regions are highlighted by red shading. The center of the largest contiguous convective 

system along the track was selected, and the corresponding 1° × 1° grid cell was outlined in blue 

on the map in Figure 5.5 for detailed analysis. In the same figure, red dots indicate locations where 

the GOES-12 satellite detected cloud-top temperatures below -15 °C, which is one of the criteria 

used by CloudSat to identify deep convective clouds. A strong spatial overlap is observed between 

the regions with GOES-derived cold cloud tops and those identified as deep convective clouds by 
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CloudSat, confirming the consistency between the two datasets and supporting the reliability of 

the detection method used in this study. 

 

 

 

Figure 5.4: Vertical cross-section of cloud structure along the CloudSat track for Granule 35295 

on December 15, 2012. Deep convective clouds are highlighted in red. 
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Figure 5.5: Map showing the location of the corresponding 1° × 1° grid box (blue) centered on the 

largest contiguous convective region detected along the satellite track (black solid line) within the 

ROI (black dashed line). Each red dot indicates a location where the GOES-12 satellite detected a 

cloud-top temperature below -15 °C. 

 

To compare the meteorological predictors used in the ML framework with CloudSat-

derived cloud properties, the values of the seven input variables were extracted for each of the 49 

identified CloudSat granules. These were then compared with key parameters from CloudSat, 

including IWP and the centroid height of IWC. Among all predictors, CAPE exhibited the 

strongest and only statistically significant relationship with cloud-top height derived from 

CloudSat observations, with a Pearson correlation coefficient of 0.61 (p < 0.05). This moderate 
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positive correlation suggests that greater convective potential energy is generally associated with 

deeper convective cloud development. 

This finding motivated a closer examination of the relationship between CAPE, as 

represented by ERA5 reanalysis, and satellite-observed cloud structure from CloudSat, and how 

this relationship may relate to lightning activity. Specifically, the analysis sought to determine 

whether CAPE can serve as a reliable proxy for atmospheric conditions favorable for lightning, as 

reflected in cloud microphysical characteristics observed from space. 

To this end, the analyzed CloudSat profiles were categorized into three CAPE regimes: 

Low (< 500 J·kg-1), Medium (500-1000 J·kg-1), and High (> 1000 J·kg-1), containing 23, 14, and 

12 cases, respectively. The CAPE values are directly determined by the vertical profiles of 

temperature and dew point, with the former obtained along the CloudSat track from the ECMWF-

AUX dataset. When comparing the vertical temperature profiles both within and across the three 

CAPE categories, no substantial differences were observed, as shown in Figure 5.6. To further 

illustrate this, the mean temperatures at 6 km, 10 km, and 14 km for each CAPE category were 

calculated and are summarized in Table 5.4. 
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Figure 5.6: Vertical profiles of temperature for each CAPE category: Low (< 500 J·kg-1, left), 

Medium (500-1000 J·kg-1, middle), and High (> 1000 J·kg-1, right). 

 

CAPE category 
Mean temperature at 

6 km (°C) 

Mean temperature at 

10 km (°C) 

Mean temperature at 

14 km (°C) 

Low -8.70 ± 4.24 -35.81 ± 4.57 -62.97 ± 3.39 

Medium -7.45 ± 2.46 -34.93 ± 3.33 -63.63 ± 2.66 

High -7.14 ± 1.02 -34.82 ± 1.64 -64.17 ± 1.70 

 

Table 5.4: Mean temperature at 6 km, 10 km and 14 km across three CAPE categories. 

 

These results suggest that the differences in CAPE across cases are unlikely to arise 

primarily from variations in the vertical temperature profiles. Instead, they are more likely driven 

by differences in moisture-related parameters, which in turn influence CAPE variability and the 

associated lightning activity. To further investigate the microphysical processes involved, 

CloudSat observations of vertical IWC and IWP were analyzed. Within each category, the vertical 

distributions of IWC were firstly examined to evaluate how variations in convective potential 

influence the depth and intensity of ice-phase microphysical processes. The resulting profiles, 

shown in Figure 5.7, illustrate the systematic relationship between increasing CAPE and enhanced 

upper-level IWC, providing observational evidence that stronger convective environments favor 

more extensive glaciation, which is an essential prerequisite for lightning generation. 
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Figure 5.7: Vertical profiles of IWC for each CAPE category: Low (< 500 J·kg-1, left), Medium 

(500-1000 J·kg-1, middle), and High (> 1000 J·kg-1, right). 

 

In addition, several summary metrics were calculated for each CAPE category and are 

presented in Table 5.5. These metrics include the IWP, the altitude of maximum IWC, and the 

IWC centroid height. The IWC centroid, which represents the weighted mean altitude of ice mass 

concentration within the vertical column, was computed using the following expression: 

Centroid	Height =
IWC_ ∙ 𝑧_
IWC_

==
IWC_ ∙ 𝑧_
IWP

 

where IWC_ is the IWC at level 𝑖, and 𝑧_ is the corresponding altitude. 

 

CAPE category 
Maximum IWC 

height (km) 

IWC centroid height 

(km) 
IWP (g×m-3) 

Low 5.35 ± 0.91 6.39 ± 0.91 3333.5 ± 1858.8 

Medium 6.14 ± 1.30 7.61 ± 1.16 5362.5 ± 3591.4 
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High 7.33 ± 1.55 7.94 ± 1.21 5467.6 ± 2426.8 

 

Table 5.5: Summary of ice-phase cloud properties across three CAPE categories. 

 

As CAPE increases, both the IWP and the vertical centroid of ice mass exhibit upward 

trends. Higher CAPE is associated with greater total ice content and elevated ice loading, as 

indicated by increases in both the maximum IWC height and the IWC centroid. These results 

suggest that stronger convective instability fosters deeper and more ice-rich cloud systems, which 

provide more favorable conditions for charge separation and lightning generation. 

Building on these observed differences in ice-phase properties, the relationship between 

cloud microphysics and lightning activity was further examined. Lightning flash counts were 

compiled within a 20-minute window centered on each CloudSat overpass, including flashes 

occurring 10 minutes before and after the satellite pass time. This temporal window ensures that 

the sampled lightning activity corresponds closely to the convective systems observed by CloudSat. 

For each CAPE category, the mean total lightning flash count and the mean number of IC 

flashes within the 20-minute window were calculated. From these values, the IC fraction was 

derived as the ratio of IC to total flashes. These statistics are summarized in Table 5.6. Both total 

and IC flash counts increase systematically with CAPE, while the IC fraction rises notably from 

Low to Medium CAPE but remains relatively stable between Medium and High CAPE. This 

pattern indicates that although lightning frequency increases under more unstable conditions, the 

relative balance between IC and CG flashes tends to stabilize at high convective intensities. 

 

CAPE category Total count IC count IC fraction 
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Low 5.2 2.9 55.8 % 

Medium 21.2 13.3 62.7 % 

High 69.3 42.4 61.2 % 

 

Table 5.6: Mean total lightning flash count, IC flash count, and IC fraction for each CAPE category, 

based on a 20-minute window centered on CloudSat overpasses. 

 

To further characterize IC lightning, the IC flash height provided by ENTLN, representing 

the estimated source altitude of each IC discharge, was analyzed. For each CAPE category, both 

the mean and median IC heights were computed and compared with the corresponding IC fractions, 

as summarized in Table 5.7. These comparisons reveal a clear upward shift in IC flash altitude 

with increasing CAPE, consistent with stronger updrafts elevating the main charge centers within 

convective systems. 

 

CAPE category IC fraction Mean IC height (km) 
Median IC height 

(km) 

Low 55.8 % 13.77 ± 2.02 13.99 ± 2.21 

Medium 62.7 % 15.44 ± 1.24 15.64 ± 1.25 

High 61.2 % 15.55 ± 1.34 16.28 ± 1.13 

 

Table 5.7: Mean and median IC height for each CAPE category, derived from ENTLN data, along 

with the corresponding IC fraction. 
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The increase in IC fraction from the Low-CAPE to Medium-CAPE categories is 

accompanied by a corresponding rise in IC source height. Although both the mean and median IC 

heights continue to increase from Medium to High CAPE, the magnitude of this change is 

relatively small compared with the substantial rise observed between the lower two categories. 

Meanwhile, the IC fraction exhibits a slight decrease. This suggests that the behavior of the IC 

fraction is closely linked to that of IC height. Under Medium CAPE conditions, IC flashes occur 

at substantially higher altitudes than under Low CAPE, but the additional elevation of the charge 

centers at High CAPE is modest. This limited vertical change indicates that once CAPE exceeds a 

certain threshold, it is no longer the primary limiting factor for storm intensity or the vertical 

development of charge regions. 

A similar pattern is observed in the IWC centroid height, which increases from Low to 

Medium CAPE but remains nearly constant between Medium and High CAPE. Because the IWC 

centroid represents the vertical distribution of ice-phase particles, it likely influences the altitude 

and spatial extent of charge separation regions responsible for IC lightning. Taken together, these 

results suggest that while higher CAPE enhances convection and overall lightning frequency, the 

vertical growth of electrified regions, particularly those associated with IC flashes, appears to reach 

a physical limit beyond which further increases in CAPE yield diminishing effects. It should be 

noted, however, that CAPE in this study was derived from reanalysis data rather than in situ 

sounding profiles; stronger correlations might emerge if CAPE were computed directly from high-

resolution vertical thermodynamic observations. 

 

5.6 Conclusions 
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This chapter applied a ML framework, in conjunction with satellite and reanalysis data, to 

investigate the environmental and structural characteristics associated with lightning activity over 

the SESA. The classification experiments demonstrated that while the model achieved consistently 

high overall accuracy across all lightning intensity categories and under varying land and aerosol 

conditions, its ability to identify high-intensity lightning events was notably weaker than for 

moderate or general lightning occurrences, as indicated by lower AUC and Recall values. Rain 

rate and CAPE consistently emerged as the most influential predictors, whereas wind shear gained 

importance with increasing lightning intensity, particularly for extreme events, underscoring its 

role in the organization and intensification of deep convection. 

CAPE exhibited a positive relationship with cloud-top height and the vertical distribution 

of ice-phase hydrometeors. Higher CAPE was associated with increased IWP and higher IWC 

centroid heights, indicating that stronger instability promotes deeper and more ice-rich convective 

systems favorable for electrification. However, a saturation effect was observed: while total and 

IC flash counts increased with CAPE, both the IC fraction and IC height tended to plateau between 

Medium and High CAPE conditions. This suggests that the most intense storms likely require not 

only strong instability but also favorable microphysical conditions to sustain vigorous 

electrification. 

These findings highlight the importance of integrating vertical profile observations with 

surface and reanalysis datasets to achieve a more complete understanding of lightning generation 

processes.   
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Chapter 6: Comparative Analysis of Lightning Predictability between 

the SGP and the SESA 

 

6.1 Overview 

 

This chapter provides a comparative analysis of lightning predictability and environmental 

controls between the SGP and the SESA. The same ML framework, similar variables, and 

evaluation metrics were applied in both regions to ensure methodological consistency and enable 

a physically insightful comparison. The SGP analysis focuses on the 1° × 1° grid box (36-37° N, 

97-98° W), representing the mid-latitude continental convection region characterized by frequent 

thunderstorms and strong land-atmosphere coupling during the warm season (June-September 

2012-2020). Owing to the dense and continuous observations at the ARM SGP site, a total of 817 

hours with measurable deep convective clouds were identified using the CLDTYPE product, 

among which 509 hours contained lightning activity. 

In contrast, the SESA domain covers approximately 20-40°S and 40-60°W, encompassing 

a subtropical convection-dominated environment influenced by large-scale moisture transport 

between land and ocean during the austral summer months (December-February) from December 

2012 to February 2021. Over this region, more than 3.2 million 1° × 1° grid-hour samples were 

analyzed, each containing coincident observations of daily AOT, hourly meteorological conditions, 

and lightning occurrence. However, unlike the SGP where deep convective clouds were explicitly 

detected, the SESA dataset cannot guarantee the presence of active convection at every hour, 

resulting in an average data volume per grid roughly ten times greater than that of the SGP. 
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Consequently, the degree of class imbalance differs substantially between the two regions. 

To quantify this difference, an entropy-based balance metric, the NSE ranging from 0 to 1, was 

applied to evaluate the relative balance of lightning and non-lightning cases across the SGP and 

SESA domains, as summarized in Table 6.1. An NSE value of 1 represents a perfectly balanced 

distribution, whereas a value approaching 0 reflects extreme imbalance. 

 

Location  Category TP (%) TN (%) FP (%) FN (%) NSE 

SGP Occurrence 52.04 24.55 12.96 10.45 0.955 

SESA Any 2.21 94.26 0.72 2.81 0.287 

SESA Medium 0.95 97.13 0.39 1.55 0.169 

SESA Extreme 0.06 99.47 0.04 0.43 0.045 

 

Table 6.1: Entropy-based balance metrics NSE derived from the confusion matrix components for 

lightning classification across regions and intensity categories. 

 

The SGP dataset exhibits a high NSE value of 0.955, indicating a nearly balanced 

distribution between lightning and non-lightning samples due to the targeted selection of hours 

with active deep convection. In contrast, the SESA datasets show substantially lower NSE values, 

with 0.287 for Any, 0.169 for Medium, and 0.045 for Extreme lightning categories. These results 

confirm that the SESA region suffers from a pronounced class imbalance, particularly for high-

intensity events, where extreme lightning events are exceedingly rare relative to total observations. 
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This quantitative imbalance assessment helps explain the regional differences in model 

performance discussed later in this chapter. The relatively high balance in the SGP facilitates stable 

and interpretable relationships between predictors and lightning outcomes, whereas the more 

severe imbalance in the SESA, especially in the Extreme category, poses significant challenges 

for model discrimination. These differences highlight the importance of accounting for data 

imbalance when applying ML models to large and heterogeneous domains such as SESA. 

Although imbalance-handling techniques such as random undersampling and the SMOTE were 

tested, neither produced significant improvements, as undersampling risked discarding 

informative majority samples and SMOTE occasionally introduced artificial noise. These 

approaches inherently require either removing examples from the majority class or duplicating 

examples from the minority class. While random removal or duplication of samples is 

straightforward to implement, it often yields inconsistent performance and introduces sampling 

bias by arbitrarily altering class proportions, thereby reducing the representativeness of the dataset. 

Selective removal or duplication could, in principle, be applied, but they require defining 

appropriate sampling criteria or class weights, which is a non-trivial task for environmental 

datasets characterized by high physical variability. 

Comparing these two regions enables a direct assessment of how lightning predictability 

responds to contrasting thermodynamic, dynamic, and aerosol environments. While the SGP case 

provides a high-resolution view of isolated convective events under well-observed continental 

conditions, the SESA analysis captures broader, multi-regime convection across a humid 

subtropical domain. By contrasting these environments within a unified framework, this chapter 

identifies both the common drivers and region-specific factors that regulate lightning occurrence 
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and intensity, thereby establishing a broader physical context for understanding convective 

electrification across diverse climatic settings. 

 

6.2 Regional Differences in Predictability and Dominant Environmental Variables 

 

The ML models applied over the SGP and the SESA show broadly consistent predictive 

capability, though with notable regional contrasts. The model has high overall accuracy in both 

regions reflecting the model’s ability to identify lightning occurrence under a wide range of 

atmospheric conditions. However, differences emerge in the discriminative skill across lightning 

intensity categories. 

Table 6.2 summarizes the model performance metrics, AUC and Recall, for both regions 

and lightning intensity categories. In SESA, AUC and Recall decline progressively from Any to 

Medium and Extreme categories, reflecting increasing classification difficulty as lightning events 

become rarer.  

 

Location Category AUC Recall 

SGP Occurrence 0.850 0.833 

SESA Any 0.716 0.440 

SESA Medium 0.689 0.383 

SESA Extreme 0.562 0.122 
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Table 6.2: AUC and Recall of the RF model by lightning intensity category for the SGP and SESA. 

Both metrics decrease from Any to Extreme, illustrating reduced model sensitivity for rarer high-

intensity events. 

 

The model performs better in the SGP than in the SESA across all SESA lightning intensity 

categories, mainly due to the constraint on deep convective clouds identified by the ARM SGP 

site, which ensured that only actively convective periods were included in the analysis. This 

targeted sampling of well-observed convective events likely contributed to the more stable and 

physically consistent relationships between predictor variables and lightning activity in the 

midlatitude continental environment. 

Model predictability in the SESA decreased noticeably for the Extreme lightning category, 

largely because the analysis encompassed a broader and more heterogeneous region, without the 

capability to continuously identify and monitor active convection in real time. The coexistence of 

diverse convective regimes, together with complex land-ocean interactions and spatially variable 

aerosol influences, increased environmental variability and thereby reduced the model’s 

discriminative skill in this subtropical domain. 

Accuracy, defined as the sum of TP and TN, is dominated by TN in the SESA datasets. As 

shown in Table 6.1, TN overwhelmingly accounts for the majority of correct classifications, 

particularly for Extreme events, indicating that most of the correctly predicted samples correspond 

to non-lightning conditions. This dominance of TN explains the high accuracy values despite the 

model’s limited ability to detect true lightning events. 
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By contrast, the SGP exhibits a more balanced distribution between lightning and non-

lightning samples due to the prior selection of convective hours, allowing accuracy and AUC to 

remain mutually consistent and physically interpretable indicators of model performance. 

Across both regions, rain rate and CAPE consistently ranked among the most influential 

predictors, underscoring their central roles in regulating lightning occurrence through precipitation 

intensity and convective instability. This finding aligns with the lightning parameterization 

framework proposed by Romps et al. (2014), which links convective energy release and 

precipitation rate to CG lightning frequency. 

In the SGP, the feature importance was evaluated using a rank-based probability 

distribution across 1,000 RF simulations. Among the eight predictors, cloud thickness emerged as 

the most dominant variable, while rain rate and CAPE consistently occupied the next two positions, 

reflecting their strong yet secondary importance. Rain rate most frequently ranked within the top 

two positions (approximately 80% of simulations), while CAPE showed a stable peak around the 

second and third ranks, indicating a robust and reproducible contribution. These results suggest 

that, under well-observed midlatitude convective environments, lightning occurrence is primarily 

associated with cloud structural depth and precipitation processes, with CAPE providing the 

thermodynamic foundation that sustains strong updrafts and promotes storm electrification. 

In contrast, over the SESA, the model-derived importance values demonstrated a clearer 

dominance of rain rate. Across all lightning intensity categories (Any, Medium, and Extreme), rain 

rate consistently held the highest importance scores, exceeding 0.25 and peaking near 0.30 in the 

Medium category, whereas CAPE remained the second most important variable, around 0.15. This 

consistent ranking highlights that, within the humid subtropical regime of SESA, precipitation 
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intensity serves as the most direct indicator of lightning potential, while CAPE remains a necessary 

but less discriminative background factor controlling convective readiness. 

Together, these results emphasize that lightning occurrence depends jointly on convective 

strength and microphysical activity, parameters effectively represented by CAPE and rain rate, 

even though their relative importance differs between the two regions. 

In the SGP, cloud-structure-related indicators, including cloud thickness and radar 

reflectivity extent, were notably influential. Among all eight predictors, cloud thickness emerged 

as the single most important variable, ranking first in 57.4% and second in 33.4% of all 1,000 RF 

simulations. This dominance underscores the critical role of vertical cloud geometry in controlling 

lightning occurrence. Thick convective clouds signify vigorous updrafts capable of sustaining a 

deep mixed-phase region where graupel, ice crystals, and supercooled droplets coexist. Ice crystals 

and graupel in the mixed-phase region are particularly essential for charge separation (Takahashi, 

1978), producing the charge centers essential for lightning initiation. It is noteworthy that cloud 

top height, which is closely related to cloud thickness, is a key parameter commonly used in 

chemical transport and climate models to predict lightning flash rates (e.g., Price and Rind, 1992). 

The strong importance of cloud thickness in this study provides observational support for the 

physical basis of that parameterization and confirms its relevance for future modeling and ML-

based prediction frameworks. 

Radar-based structural indicators, such as the vertical extent and centroid height of 

reflectivity exceeding 10 dBZ, also exhibited moderate importance, reflecting their close 

connection to storm vertical development and the distribution of ice-phase hydrometeors. These 

variables act as microphysical proxies for storm intensity—larger reflectivity extents and higher 

centroids typically correspond to stronger updrafts and a more extensive ice region, both conducive 
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to electrification. In contrast, variables such as wind shear and PM2.5 concentration in the SGP, as 

well as surface pressure, temperature, relative humidity, and wind-related predictors in the SESA, 

contributed consistently yet marginally to model performance, suggesting that large-scale 

dynamical and near-surface thermodynamic conditions, while important for provide a background 

environment favorable for lightning, are not necessarily the primary determinants of lightning 

variability. 

Such detailed cloud-structure information is available only at the SGP through continuous 

radar observations at the ARM site, providing unique insight into the physical mechanisms linking 

cloud geometry to lightning activity. In contrast, these measurements are not directly available in 

the SESA region, where large-scale satellite and reanalysis datasets form the observational 

foundation. This limitation motivates the complementary use of CloudSat observations in Chapter 

5 to examine the vertical structure and ice-phase properties of convective clouds, thereby 

extending the analysis of storm electrification processes beyond the scope of ground-based radar 

observations. 

In order to further assess how lightning predictability varies across environmental regimes 

in the SESA, classification performance was stratified by land-ocean and aerosol conditions (Table 

5.3). Across all subsets, accuracy remained high but largely reflected the dominance of TN cases, 

whereas AUC and Recall provided more meaningful measures of model discrimination. Both AUC 

and Recall declined progressively from the Any to Medium and Extreme categories, confirming 

that the model’s sensitivity decreases as lightning events become rarer and harder to distinguish. 

Spatially, model discrimination was generally stronger over land than over ocean, where AUC 

values remained lower, indicating reduced predictive skill in maritime convection. Under polluted 

conditions, particularly over land, both AUC and Recall were consistently higher, reflecting the 
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model’s improved ability to identify lightning events in environments with more frequent and 

organized convection. These results underscore that lightning prediction in the SESA is highly 

sensitive to environmental context, with model skill constrained primarily by class imbalance and 

the intrinsic variability of convective regimes. 

Under strongly unstable conditions (CAPE > 2000 J·kg-1), an additional analysis was 

conducted at the SGP site to examine which environmental factors remain effective in 

distinguishing lightning from non-lightning periods once dynamic prerequisites are satisfied. A 

total of 175 hours with convective clouds were identified, among which 41 hours had no lightning 

and 75 hours were classified as frequent-lightning cases. The results show that CAPE itself no 

longer serves as a strong discriminator once it exceeds the 2000 J·kg-1 threshold, confirming that 

additional instability contributes little to the likelihood of lightning when vigorous convection is 

already present. Instead, cloud-microphysical and structural variables become the dominant 

indicators. Both rain rate and convective cloud thickness were significantly higher (p < 0.001) 

during lightning-active hours, and the vertical extent and centroid height of radar reflectivity 

greater than 10 dBZ were also markedly larger, pointing to enhanced ice water path and deeper 

mixed-phase regions conducive to charge separation. Wind-related variables exhibited only 

modest contrasts, with slightly weaker vertical shear during lightning-active periods, suggesting 

that strong shear may even suppress convective vertical development at this site. Aerosol 

indicators, including surface PM2.5, CCN, and AOT, were generally lower during frequent-

lightning hours, likely due to wet removal and enhanced dilution through deeper boundary layer 

mixing. Together, these results confirm that under highly convective conditions, cloud structure 

and hydrometeor properties, rather than CAPE magnitude, play the leading roles in regulating 

lightning occurrence, consistent with the feature importance rankings derived from the ML 
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analysis. This also suggests that under sufficiently strong dynamic conditions, the influence of 

certain variables, particularly those linked to microphysics and cloud structure, may become more 

pronounced in determining lightning occurrence. 

 

6.3 Cloud and Microphysical Structure Comparisons 

 

 Thanks to continuous ground-based profiling of temperature, dew point, and radar 

reflectivity at the ARM SGP site, it was possible to characterize convective intensity and cloud 

structure with high temporal resolution. Using 304 convective hours identified by the CLDTYPE 

product and restricted to periods of active lightning (hourly flash count > 162.5, the median during 

convective hours), the analysis revealed a clear linkage between convective instability and 

lightning type. A binned comparison of the square root of CAPE ( CAPE) with the IC flash 

fraction (5 m·s-1bins) showed a strong positive trend (slope = 0.0021, R2 = 0.68, p < 0.001). As 

CAPE increased from 0 to 60 m·s-1, the IC fraction rose from roughly 0.7 to 0.9, implying that 

stronger updrafts lift the main charge centers higher above the ground and favor IC discharges 

over CG ones. 

This relationship is supported by a concurrent increase in IC source altitude, consistent 

with deeper electrified layers in more unstable environments. Although the connection between 

CAPE and IC dominance has rarely been discussed in prior literature, where most studies 

emphasized land-ocean differences or cold-cloud thickness, it appears to offer a potential pathway 

for parameterizing lightning type in numerical models. The observed CAPE -IC fraction 

relationship, statistically significant, provides a physically meaningful proxy for convective 



79 
	

electrification strength that merits testing across larger domains and independent lightning 

networks. 

The SESA analysis provided an opportunity to test and extend this relationship using 

satellite-based vertical structure and regional lightning data. To this end, the analyzed CloudSat 

profiles were categorized into three CAPE regimes: Low (< 500 J·kg-1, 23 cases), Medium (500-

1000 J·kg-1, 14 cases), and High (> 1000 J·kg-1, 12 cases). Mean temperature profiles at 6, 10, and 

14 km differed by less than 2 °C across these categories, suggesting that variations in CAPE were 

primarily driven by moisture rather than thermal structure. With increasing CAPE, both the IWP 

and IWC vertical extent showed a clear upward trend: IWP increased from roughly 3.3 × 103 to 

5.4 × 103 g·m-3, while the IWC centroid height rose from 6.4 to 7.9 km and the maximum IWC 

height from 5.3 to 7.3 km. These changes indicate that stronger convective instability promotes 

deeper, more ice-rich cloud systems capable of sustaining more extensive electrified regions. 

Lightning activity exhibited a corresponding response. From the Low to High CAPE 

categories, total lightning counts increased more than tenfold, while IC flashes grew from 2.9 to 

42.4 per case on average. The IC fraction rose markedly from 55.8 % under Low CAPE to 62.7 % 

under Medium CAPE, then remained nearly constant at 61.2 % in High CAPE conditions, 

suggesting that once sufficient instability is achieved, additional CAPE no longer alters the IC-CG 

balance. The mean IC source height also increased from 13.8 to 15.5 km, indicating that deeper 

convection elevates charge centers and favors IC discharges.  

Both regions exhibited a consistent trend linking higher CAPE with enhanced IC 

dominance, yet the absolute values differed somewhat between the two analyses. Such differences 

are not contradictory but rather reflect variations in observational coverage and sampling design. 

The SGP results, derived from continuous ground-based measurements under well-observed deep 
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convection, capture more mature and intense storm systems. In contrast, the SESA analysis, 

constrained by reanalysis-based CAPE estimates and the limited temporal sampling of CloudSat 

overpasses, likely included a broader spectrum of convective development stages and less frequent 

extreme lightning activity. As a result, the overall IC fraction appeared lower, though the 

underlying relationship with CAPE remained physically consistent across both regions. 

These cross-regional results together provide compelling evidence that the vertical 

development of ice-phase clouds serves as the key link between convective instability and 

lightning. The SGP analysis revealed this relationship in a localized, high-resolution setting, while 

the SESA study confirmed its broader applicability using satellite-based retrievals of IWC and 

IWP. This agreement across independent datasets and observational scales strengthens the physical 

interpretation that stronger convective instability enhances updrafts and deepens the mixed-phase 

region, favoring IC flashes until reaching a thermodynamic or microphysical saturation limit. Such 

convergence between ground-based and satellite perspectives also demonstrates the potential of 

combining multi-platform observations to improve lightning parameterizations in both regional 

and global modeling frameworks.  



81 
	

Chapter 7: Synthesis, Summary and Future Perspectives 

 

7.1 Synthesis: Addressing the Research Questions  

 

This section synthesizes the results presented in Chapters 4-6 to address the key research 

questions outlined in Chapter 1, focusing on the controlling factors, environmental influences, and 

physical mechanisms that shape lightning occurrence, variability, and type across distinct climatic 

regimes. 

• Meteorological and microphysical controls on lightning 

Both regional analyses consistently demonstrate that lightning occurrence and intensity are 

primarily controlled by convective strength and cloud microphysical structure, while large-scale 

dynamics provide the broader environmental context that supports convective development. In 

both the SGP and SESA, rain rate and CAPE emerged as the most influential predictors, 

underscoring the combined roles of precipitation intensity and thermodynamic instability in 

determining storm electrification. In the SGP, where detailed radar observations are available, 

cloud thickness and radar reflectivity extent proved even more critical, reflecting the importance 

of vertical cloud geometry and mixed-phase cloud depth for sustaining charge separation. In the 

SESA, CloudSat-based analysis confirmed that both the total ice water path and the centroid height 

of ice content increase with CAPE, supporting the interpretation that stronger instability promotes 

deeper, more ice-rich cloud systems. Together, these findings suggest that lightning intensity is 

jointly regulated by thermodynamic potential, microphysical depth, and large-scale dynamic 

forcing, which together define the strength and spatial extent of electrified regions within 

convective storms. 
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• Aerosol loading and surface-type influence 

The effect of aerosols on flash rate was not globally uniform but varied regionally. Recent 

analysis by Allen et al. (2024) using CloudSat and CALIPSO further illustrates this regionality 

over the Amazon Basin. After controlling for CAPE, thunderstorms forming in polluted (“dirty’’) 

environments were found to be about 1.5 km deeper and to contain 50% more upper-tropospheric 

ice water content than those in clean air, with lightning flash rates in the “dirty storms’’ exceeding 

flashes in the clean cases by a factor of two or more. These results demonstrate that aerosol loading 

can modulate storm depth, ice content, and electrification primarily under low-to-moderate CAPE 

conditions, whereas in highly unstable environments thermodynamics dominate and aerosol 

impacts become secondary. Such findings highlight that the impact of aerosols on lightning may 

be minor or substantial depending on the aerosol background and the convective regime. Over the 

SGP, aerosol indicators tended to be lower during lightning-active hours, primarily due to wet 

removal of near-surface particles by convective precipitation and enhanced dilution through 

boundary-layer mixing. In contrast, over the SESA, the model performed better under polluted 

continental conditions, showing higher AUC and Recall values. However, this improvement does 

not necessarily imply that lightning is intrinsically more predictable in polluted air masses. Instead, 

polluted regions typically experience more frequent and organized convection, which provides a 

larger sample of lightning cases for model learning. A similar interpretation applies to the land-

ocean contrast: lightning predictability was generally higher over land, not because land-based 

storms are inherently easier to forecast, but because they occur more often and exhibit stronger 

convective organization driven by greater surface heating and atmospheric instability. These 

results indicate that aerosols and surface type act primarily as modulators of convective frequency 
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and organization, indirectly influencing lightning occurrence and predictability. A direct causal 

link between aerosols, surface type, and electrification would require further investigation. 

• Predictors that modulate lightning characteristics 

Among the examined predictors, CAPE emerged as the most evident modulator of 

lightning type, showing a consistent positive association with the IC fraction across both regions. 

Stronger convective instability appears to lift the main charge centers upward, promoting a higher 

proportion of IC flashes relative to CG. While this relationship was confirmed through both 

ground-based and satellite observations, other factors, such as microphysical structure, humidity 

profiles, and wind organization, may also influence lightning type and even polarity. However, 

their individual contributions could not be fully isolated in this study due to limited sample sizes 

and the potential interdependence among predictors. 

 

7.2 Summary of Findings 

 

In short, lightning occurrence and intensity are jointly controlled by thermodynamic 

instability and microphysical structure, with CAPE, rain rate, and convective cloud thickness 

identified as the most influential variables. These relationships are further modulated by 

environmental context such as aerosol loading and surface type. Moreover, the nature of lightning, 

specifically the balance between IC and CG discharges, can be physically linked to convective 

strength and cloud vertical development. These findings establish a physically grounded 

understanding of lightning predictability across contrasting climatic regimes and provide a basis 

for evaluating current limitations and outlining future research directions discussed in the 

following sections. 
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7.3 Limitations of Present Study 

 

Despite the intriguing results and new insights gained from this study, several limitations 

should be acknowledged. 

First, the analysis was conducted at an hourly temporal resolution and a 1° × 1° spatial 

scale, which, although suitable for regional climatological studies, inevitably smooths out the 

detailed evolution of individual storm cells. In the SGP, the use of ARM site observations provided 

highly detailed local measurements but limited spatial representativeness. Conversely, in the SESA, 

the much larger domain relied on reanalysis and satellite products without real-time identification 

of convective clouds, introducing uncertainty from the inclusion of non-convective periods. These 

differences in data density and observation design also complicate direct cross-regional 

comparisons: while SGP offers intensive sampling of relatively homogeneous conditions, SESA 

integrates over a wide range of convective regimes with uneven observation quality. As a result, 

some of the apparent regional contrasts may partially reflect sampling heterogeneity rather than 

intrinsic physical differences. 

Data constraints also contribute to several sources of uncertainty. The ENTLN lightning 

dataset, while providing broad spatial coverage and flash-type classification, is subject to detection 

efficiency variations and limited accuracy in estimating IC flash heights. The CloudSat 

observations used to characterize vertical ice profiles are temporally sparse and restricted to a 

narrow swath, preventing full sampling of convective variability across the region. In addition, a 

lot of environmental variables were derived from reanalysis data rather than direct observations 

and are therefore subject to inherent uncertainties. Reanalysis products, while providing consistent 
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spatial and temporal coverage, may underrepresent localized instability and rapid atmospheric 

transitions, particularly in regions dominated by transient and small-scale convective systems. 

Similarly, the daily aerosol products used in this study may not fully capture sub-daily variability 

or vertical aerosol stratification, both of which can influence cloud microphysics and electrification 

processes. 

From a methodological standpoint, the use of the RF classifier provides interpretability and 

robust feature importance rankings but has inherent limitations. It assumes statistical independence 

among predictors and does not explicitly capture temporal evolution, storm lifecycle, or spatial 

autocorrelation between neighboring grid cells. Additionally, the relationships identified by the 

ML model are empirical rather than causal; while feature importance highlights statistical 

associations, it does not confirm the physical mechanisms underlying those correlations. This is 

precisely why traditional physical reasoning and statistical diagnostics were employed throughout 

this study, to interpret the ML results within a physically consistent framework and avoid 

overreliance on data-driven inference. Furthermore, attempts to predict lightning flash rates 

through regression revealed the model’s difficulty in representing highly nonlinear relationships 

and under-sampled extreme events. To mitigate the strong class imbalance, the NSE metric was 

introduced to quantify data balance, and AUC and Recall were prioritized as evaluation metrics 

under severely imbalanced conditions. However, these adjustments can only partially compensate 

for data skewness and cannot fully recover sensitivity to extreme lightning cases. This limitation 

points to the need for hybrid modeling strategies that combine physical constraints with data-

driven flexibility, bridging process-based understanding with ML prediction. 
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7.4 Future Directions 

 

Firstly, further progress can be achieved through methodological and computational 

advancements. Deep-learning and hybrid physics-ML approaches could capture nonlinear 

dependencies and temporal evolution that are difficult to represent with ensemble-tree methods. 

In particular, recurrent neural networks or spatiotemporal graph architectures could be used to 

incorporate storm evolution and spatial dependencies between neighboring grid cells, addressing 

one of the key limitations of the current static framework. Hybrid models that embed physical 

constraints, such as mass continuity or charge conservation, within ML architectures could further 

enhance interpretability and generalization. 

Future efforts should also build upon the framework established in this study to further 

improve lightning predictability and physical understanding. A key step forward lies in the 

integration of additional observation platforms. The combination of multiple lightning detection 

networks, such as the Geostationary Lightning Mapper (GLM), Lightning Imaging Sensor (LIS), 

and regional Lightning Mapping Arrays (LMA), would provide enhanced spatial and temporal 

coverage, improved IC/CG discrimination, and more accurate estimates of flash heights. 

Geostationary satellite observations, when combined with ground-based lightning detection 

networks, could provide continuous monitoring of cloud properties and enable a more direct 

coupling between environmental conditions and electrification processes. Future field campaigns 

could also deploy coordinated in situ sensors to directly measure charge distribution and validate 

ML-derived relationships between CAPE, ice-phase structure, and lightning type. 

A particularly promising experimental direction would involve the joint use of the GOES-

R GLM together with regional LMA and complementary ground-based measurements. This 
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integrated observing strategy would enable detailed three-dimensional mapping of lightning 

channels and simultaneous detection of flashes across a wide spatial domain. By combining 

continuous satellite coverage with high-resolution ground networks, such a setup could capture the 

full evolution of electrified storms—from charge separation and discharge initiation to flash 

propagation. 

In regions where both GLM and LMA data are available, GLM retrievals can be trained 

and calibrated using LMA observations, and subsequently applied to areas lacking LMA coverage. 

Such transfer learning would enable cross-validation with global lightning networks such as 

ENTLN, providing a pathway to extend reliable estimates to broader regions. This synergy 

between satellite and ground-based systems would substantially advance the capability to observe, 

model, and understand lightning processes across spatial scales. 

For example, a related study by Allen et al. (2024) examined aerosol impacts on cloud 

depth, IWC, and lightning over the Amazon Basin, showing that polluted conditions produced 

deeper, more ice-rich, and more electrically active storms, particularly when CAPE was low. This 

suggests that aerosol effects depend strongly on thermodynamic context. Recent analyses within 

our research group indicate that the response of convection to aerosols is strongly regulated by 

boundary-layer processes. In particular, the degree of cloud-PBL coupling appears to determine 

whether aerosols invigorate or suppress convection, with stronger invigoration observed under 

coupled and high-CAPE conditions. These preliminary results from an ongoing study led by 

University of Maryland graduate student highlight the crucial role of the lower-tropospheric 

thermodynamic state in modulating the aerosol invigoration effect. The study by Allen et al. (2024) 

was region-specific and largely statistical, leaving open how these interactions vary across 

environments or with different aerosol types. MERRA-2 provides speciated aerosol products that 
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distinguish major aerosol components including dust, sea salt, sulfate, black carbon, and organic 

carbon, making it possible to examine how lightning and convection respond to dominant aerosol 

type. Inspired by Wang et al. (2018), this approach could be extended to compare neighboring 

regions where the predominant aerosol type differs, thereby quantifying how variations in aerosol 

composition modulate storm structure, electrification, and predictability. Such analysis would help 

disentangle whether observed lightning variability arises primarily from aerosol quantity or from 

compositional differences that alter cloud microphysics. Regions such as east Asia that experience 

strong seasonal shifts in dominant aerosol type (Wei et al., 2024) provide a natural laboratory for 

investigating how the same location exhibits contrasting convective and lightning behaviors under 

different dominant aerosol-type environments. These extensions would advance understanding of 

the microphysical pathways through which specific aerosol types influence storm electrification 

and could refine future parameterizations of lightning in chemistry-climate models. 

Building on this, future work will aim to quantify the joint influence of CAPE and aerosols 

across diverse climatic regimes using an ML framework that integrates aerosol composition, and 

storm lifecycle tracking. With the advent of the GOES-R series satellites, continuous retrievals of 

cloud-top temperature now make it possible to monitor the temporal evolution of convective 

clouds over fixed locations. Such observations enable tracking of cloud development and 

movement within a region, allowing for direct linkage between storm evolution and associated 

lightning activity. Moreover, cloud-top temperature can be used to estimate cloud-top height, 

providing a physically consistent proxy for storm vertical extent. Given that cloud thickness was 

identified as one of the most important predictors of lightning in the SGP analysis, future ML 

frameworks could incorporate satellite-derived cloud top height as a dynamic predictor to improve 

lightning forecasting skill. Implementing this approach, however, would require substantial effort, 
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including large-volume data handling, collocation with lightning observations, and the 

development of automated algorithms to identify and follow individual convective systems, 

making it a technically demanding but highly valuable extension for future research. For the 

lightning related dataset, the combined uses of GLM, CloudSat, and LMA observations make it 

possible to capture both vertical and temporal storm evolution and to link lightning intensity to 

microphysical and thermodynamic variability. Ultimately, this approach will help bridge data-

driven inference with physical process understanding, leading toward improved lightning 

parameterizations and more realistic representations of aerosol-convection interactions in models. 

Beyond regional applications, the relationships established in this study could facilitate the 

development and improvement of lightning parameterizations in numerical weather and climate 

models. While chemistry and climate models require quantitative estimates of lightning flash rates 

to compute lightning-produced NOx and other related processes, predicting lightning intensity or 

severity levels rather than absolute counts could still offer complementary value. Such qualitative 

assessments may provide a physically consistent way to represent electrification strength within 

model frameworks and could be particularly useful for applications such as wildfire risk evaluation 

or early warning systems. The empirically supported link between CAPE, cloud-ice structure, and 

IC fraction provides a physically grounded constraint for representing electrification processes in 

model physics schemes (Sun et al., 2024). Such relationships could be incorporated into global 

climate simulations to evaluate future lightning changes under warming scenarios, particularly 

how enhanced instability and aerosol perturbations might shift lightning distribution. 

Extending this analysis to more regions will help assess the global consistency of these 

relationships and explore lightning mechanisms under future climate scenarios. A logical next step 

would be to apply the established framework to tropical regions near the equator, where persistent 
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convection offers year-round observational opportunities. These areas provide ideal natural 

laboratories to examine lightning processes under continuously active thermodynamic and 

microphysical environments, enabling stronger statistical inference and cross-validation of 

parameterized relationships. In addition, high-latitude coastal regions with abundant moisture 

supply and strong sensitivity to global warming represent another promising focus. Such 

environments are expected to experience amplified changes in atmospheric instability and cloud 

phase composition, making them ideal for detecting potential shifts in lightning frequency and 

type under a changing climate. 

Collectively, these future directions emphasize the value of combining multi-source 

observations with data-driven and physically informed modeling to advance both the predictability 

and process-level understanding of lightning activity in an evolving climate system. By integrating 

improved algorithms, expanded datasets, and targeted experiments, future studies can bridge the 

gap between localized empirical prediction and global-scale physical representation of 

electrification in weather and climate models. 
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